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Abstract
Meat and meat products are highly nutritious, containing important levels of protein,
vitamins, minerals and micronutrients, which are important for human growth and
development. Beef has emerged as an important protein source in human diets. Minced beef
is the primary ingredient for a variety of products such as burgers, meat balls, meat pastes,
sausages and so on. Authenticity of the meat is a major requirement to meet the demands of
consumers and assuring compliance with the government regulations and safety standards.
Near-Infrared (NIR) spectroscopy and Hyperspectral Imaging (HSI) are sensing solutions
which provide real time quality control and assurance. Laser Induced breakdown
spectroscopy (LIBS) is an emerging technology in the area of mineral analysis in food. The
unique spectral features obtained from NIR spectroscopy, HSI and LIBS make these
techniques suitable for Process Analytical Technology (PAT) applications. The objective of
this thesis was to evaluate the efficacy of novel spectroscopic techniques such as multi-point
NIR spectroscopy, HSI and LIBS for performing quality monitoring of minced beef. A multipoint NIR system was successfully evaluated to identify and predict compositional attributes
of minced beef such as moisture, fat, protein and ash; illustrating various features of the
device. A HSI system was also successfully evaluated for identification and prediction of
compositional attributes of minced beef along with chemical imaging. A LIBS system was
successfully evaluated for: (a) quantification of minerals such as sodium (Na), potassium (K)
and rubidium (Rb) in minced beef, (b) explore the potential of LIBS to detect offal
adulteration and (c) demonstrate the ability of LIBS to provide spatial information of
elements. Overall, the study illustrated the potential of these novel spectroscopic techniques
for at/on/in-line quality monitoring of minced beef.
i

Declaration
I declare that this thesis which I now submit for the examination is entirely my own work
and has not been taken from the work of others, save to the extent that such work has been
cited and acknowledged within the text of my work. I also declare that I have adhered to all
principles of academics honesty and integrity and have not misrepresented or fabricated or
falsified any idea/data/fact/source in any submission.

This thesis was prepared according to the regulations for postgraduate study by research of
Dublin Institute of Technology and has not been submitted in whole or in part for another
award in any institute.

The work reported on in this thesis conforms to the principles and requirements of the
Institute’s guidelines for ethics in research.

The Institute has permission to keep, lend or copy this thesis in whole or in part, on condition
that any such use of the material or the thesis is duly acknowledged.

Yash Dixit

Date:

ii

Acknowledgement
•

I wish to express my gratitude to my supervisor Dr. PJ Cullen, for his advice, support,
and encouragement during my research.

•

I wish to express my gratitude to my supervisor Dr. Carl Sullivan, for his continuous
guidance and support throughout my research work, and also for his caring and
willingness to help as a friend. His tranquility and fascinating stories will be with me
forever.

•

I am also very grateful to Dr. Maria P. Casado-Gavalda for sharing her knowledge
and for helping me throughout my research work. Her hard work and dedication
towards research has always been inspiring. I would also like to thank Dr. Maria
Markiewicz Keszycka for sharing her knowledge and insights during my research
work.

•

I wish to express my gratitude to Dr. Brijesh Tiwari for his continuous support and
guidance.

•

I wish to express my gratitude to Dr. N.N. Misra, Dr. Shekhar Kadam and Dr. S.K.
Pankaj for their continuous support and friendship. Thankyou Dr. Misra for making
me realize my potential; your Outlook towards research as well as life will always be
an inspiration.

•

I would also like to take this opportunity to thank my colleagues and friends Raquel,
Xevi, Chaitu, Anuj, Rajeev, Carmen, Daniela, Lu, Kompal, Apurva, Shikha, Bhavya,
Hicham and Toufic, for all the laughs we have shared.

•

I would also like to take this opportunity to thank my friends: Nipun, Sandy and Badi,
for being with me through my thick and thins.
iii

•

I would like to express my gratitude to my cousins’ Malay and Praharsh for their
continuous love and support.

•

Finally, I would like to thank my parents and family members. They were always
supporting and encouraging me with their best wishes.

iv

Abbreviations list
AAS

Atomic absorption spectroscopy

AES

Atomic emission spectroscopy

ANOVA

Analysis of variance

ANN

Artificial neural networks

AOAC

Association of Official Agricultural Chemists

DWT

Discrete wavelet transform

EU

European Union

FAO

Food and Agriculture Organization

FDA

Food and Drug Administration

FWHM

Full width at half maximum

GC

Gas chromatography

GFAAS

Graphite furnace atomic absorption spectroscopy

HSI

Hyperspectral Imaging

ICP-OES

Inductively coupled plasma optical emission spectroscopy

IMF

Intra-muscular fat

InGaAs

Indium Gallium Arsenide

LDA

Linear discriminant analysis

LIBS

Laser Induced breakdown spectroscopy

LOD

Limit of detection

LTSD

Lens to sample distance

LV

Latent variable

MLR

Multi-linear regression

MLT

Musculus longissimus thoracis

MSC

Multiplicative scatter correction
v

NIR

Near-Infrared

NIST

National institute of standards and technology

OECD

Organization for Economic Cooperation and Development

PAT

Process analytical technology

PCA

Principal components analysis

PDCASS

Protein digestibility-corrected amino acid score

PLS

Partial least squares

PLSR

Partial least squares regression

PUC

Process understanding and Control

PVC

Polyvinyl chloride

RMSEC

Root mean square error of calibration

RMSECV

Root mean square error of cross validation

RMSEP

Root mean square error of prediction

SEC

Standard error of calibration

SECV

Standard error of cross validation

SEP

Standard error of prediction

SNV

Standard normal variate

Vis/NIR

Visible/Near-Infrared

WBSF

Warner-Bratzler shear force

vi

Table of contents
Abstract .................................................................................................................................. i
Declaration ............................................................................................................................ ii
Acknowledgement ............................................................................................................... iii
Abbreviations list .................................................................................................................. v
Table of contents ................................................................................................................ vii
List of figures ..................................................................................................................... xiii
List of tables ...................................................................................................................... xvii
List of publications ............................................................................................................ xix
Conferences ....................................................................................................................... xxii
Chapter 1 Introduction ........................................................................................................... 1
1.1. Meat in human diet ...................................................................................................... 1
1.2. Novel spectroscopic techniques for meat analysis ...................................................... 2
1.3. Aims and objectives of the thesis ................................................................................ 4
Chapter 2 Review of literature ............................................................................................... 6
2.1. Meat ............................................................................................................................. 6
2.1.1. Definition and classification of meat .................................................................... 6
2.1.2. Structure of meat................................................................................................... 7
2.1.3. Composition and regulations of meat ................................................................... 9
2.2. Minced meat .............................................................................................................. 13
2.2.1. Mincing process .................................................................................................. 14
2.2.2. Beef and minced beef products........................................................................... 14
2.2.3. Role of fat in beef and minced beef products ..................................................... 15
2.2.4. Quality control of minced beef ........................................................................... 15
2.3. Process Analytical Technology (PAT) ...................................................................... 17
2.4. Near-Infrared Spectroscopy ...................................................................................... 18
2.5. Hyperspectral Imaging .............................................................................................. 20
2.6. Laser Induced breakdown spectroscopy (LIBS) ....................................................... 21
2.7. Chemometrics ............................................................................................................ 22
2.7.1. Pre-processing techniques .................................................................................. 22
2.7.2. Multivariate data analysis ................................................................................... 25
2.8. Studies conducted for meat analysis using NIR spectroscopy and HSI .................... 26
2.8.1. At-line and off-line analysis ............................................................................... 26
vii

2.8.2. On-line analysis .................................................................................................. 28
2.9. Studies conducted for meat analysis using LIBS ...................................................... 31
Chapter 3 Materials and methods......................................................................................... 33
3.1. Materials .................................................................................................................... 33
3.1.1. NIR and HSI ....................................................................................................... 33
3.1.2. LIBS .................................................................................................................... 33
3.2. Equipment and measurements ................................................................................... 33
3.2.1. Multi-point Near-Infrared system ....................................................................... 33
3.2.2. Beam-splitter incorporated multi-point Near-Infrared (NIR) system ................. 34
3.2.3. Spectral Measurements ....................................................................................... 35
3.2.4. Configuration of the fibre probes ....................................................................... 36
3.2.5. Hyperspectral Imaging system ........................................................................... 37
3.2.6. Laser Induced breakdown spectroscopy system ................................................. 39
3.3. Experiments conducted for meat analysis ................................................................. 40
3.3.1. On-line monitoring using Ocean Optics fibre-optic reflectance probes ............. 40
3.3.2. Evaluating collimator performance at high stand-off distances ......................... 40
3.3.3. Collimated light for predicting composition....................................................... 41
3.3.4. Integrating collimated light and beam splitting for real-time prediction ............ 41
3.3.5. Quantification of beef fat content simultaneously under static and motion
conditions ...................................................................................................................... 41
3.3.6. Identification and compositional quantification using Hyperspectral Imaging .. 41
3.3.7. Quantification of trace element rubidium using Laser Induced breakdown
spectroscopy ................................................................................................................. 42
3.3.8. Quantification of sodium and potassium using LIBS: a potential technique for
detecting offal adulteration ........................................................................................... 42
3.4. Data processing ......................................................................................................... 42
3.4.1. NIR ..................................................................................................................... 42
3.4.1. HSI ...................................................................................................................... 43
3.4.2. LIBS .................................................................................................................... 43
Chapter 4 On-line monitoring using fibre-optic reflectance probes .................................... 45
4.1. Summary ................................................................................................................... 45
4.2. Materials and methods............................................................................................... 45
4.2.1. Sample Preparation ............................................................................................. 45
4.2.2. Proximate analysis .............................................................................................. 47
4.2.3. NIR spectra acquisition....................................................................................... 47
viii

4.2.4. Data analysis ....................................................................................................... 49
4.3. Results and discussion ............................................................................................... 51
4.3.1. Proximate analysis .............................................................................................. 51
4.3.2. NIR Spectra ........................................................................................................ 52
4.3.3. PLSR ................................................................................................................... 54
4.4. Conclusions ............................................................................................................... 59
Chapter 5 Evaluating collimator performance at high stand-off distances .......................... 61
5.1. Summary ................................................................................................................... 61
5.2. Materials and methods............................................................................................... 62
5.2.1. Light source, fibres and collimators ................................................................... 62
5.2.2. Measurement of receiver signal .......................................................................... 62
5.2.3. Preparation of minced beef samples ................................................................... 63
5.2.4. NIR spectra acquisition....................................................................................... 63
5.2.5. Data pre-processing ............................................................................................ 64
5.3. Results and discussion ............................................................................................... 64
5.3.1. Receiver signal.................................................................................................... 64
5.3.2. Calibration standard spectra obtained with a collimator-probe setup at different
stand-off distances ........................................................................................................ 65
5.3.3. Spectra of minced beef samples at different stand-off distances using collimatorprobe setup .................................................................................................................... 67
5.4. Conclusions ............................................................................................................... 68
Chapter 6 Collimated light for predicting composition ....................................................... 70
6.1. Summary ................................................................................................................... 70
6.2. Material and methods ................................................................................................ 71
6.2.1. Sample Preparation ............................................................................................. 71
6.2.2. Proximate analysis .............................................................................................. 71
6.2.3. NIR spectra acquisition....................................................................................... 71
6.2.4. Data analysis ....................................................................................................... 72
6.3. Results ....................................................................................................................... 74
6.3.1. Proximate analysis .............................................................................................. 74
6.3.2. Spectral analysis ................................................................................................. 75
6.3.3. Multivariate data analysis ................................................................................... 77
6.3.4. PLS loadings plot ................................................................................................ 82
6.3.5. Development of the calibration model ............................................................... 83
6.3.6. Model validation ................................................................................................. 86
ix

6.4. Conclusions ............................................................................................................... 87
Integrating collimated light and beam splitting for real-time prediction ............ 89
7.1. Summary ................................................................................................................... 89
7.2. Materials and methods............................................................................................... 90
7.2.1. Sample preparation ............................................................................................. 90
7.2.2. Proximate analysis .............................................................................................. 91
7.2.3. Spectral data acquisition ..................................................................................... 92
7.2.4. Multivariate data analysis ................................................................................... 95
7.3. Results and discussion ............................................................................................... 96
7.3.1. Proximate analysis .............................................................................................. 96
7.3.2. Spectral analysis ................................................................................................. 97
7.3.3. Model building.................................................................................................. 100
7.3.4. Calibration model ............................................................................................. 101
7.3.5. Prediction of chemical composition ................................................................. 105
7.3.6. Spatial PLS model predictions.......................................................................... 110
7.4. Conclusions ............................................................................................................. 113
Chapter 8 Quantification of beef fat content simultaneously under static and motion
conditions ........................................................................................................................... 115
8.1. Summary ................................................................................................................. 115
8.2. Material and methods .............................................................................................. 116
8.2.1. Sample Preparation ........................................................................................... 116
8.2.2. Fat analysis ....................................................................................................... 116
8.2.3. NIR spectra acquisition..................................................................................... 116
8.2.4. Data analysis ..................................................................................................... 118
8.3. Results and discussion ............................................................................................. 119
8.3.1. Fat analysis ....................................................................................................... 119
8.3.2. Spectra Interpretation of calibration set ............................................................ 120
8.3.3. PLSR results ..................................................................................................... 121
8.3.4. Collimator probe independency........................................................................ 124
8.4. Conclusions ............................................................................................................. 125
Chapter 9 Identification and compositional quantification using Hyperspectral Imaging 127
9.1. Summary ................................................................................................................. 127
9.2. Materials and methods............................................................................................. 128
9.2.1. Sample preparation ........................................................................................... 128
x

9.2.2. Proximate analysis ............................................................................................ 128
9.2.3. Hyperspectral Image acquisition ...................................................................... 128
9.2.4. Image pre-processing and data analysis ........................................................... 130
9.3. Results and discussion ............................................................................................. 131
9.3.1. Proximate analysis ............................................................................................ 131
9.3.2. Hyperspectral analysis ...................................................................................... 132
9.4. Conclusions ............................................................................................................. 137
Chapter 10 Quantification of trace element rubidium using Laser Induced breakdown
spectroscopy ....................................................................................................................... 139
10.1. Summary ............................................................................................................... 139
10.2. Materials and methods........................................................................................... 139
10.2.1. Sample Preparation ......................................................................................... 139
10.2.2. Graphite furnace atomic absorption spectroscopy analysis ............................ 140
10.3. LIBS spectra acquisition ....................................................................................... 141
10.4. Data analysis.......................................................................................................... 141
10.5. Results and Discussion .......................................................................................... 142
10.5.1. Graphite furnace atomic absorption spectroscopy analysis ............................ 142
10.5.2. Spectral analysis ............................................................................................. 143
10.5.3. Multivariate data analysis ............................................................................... 144
10.6. Conclusions ........................................................................................................... 145
Chapter 11 Quantification of sodium and potassium using LIBS; a potential technique for
detecting offal adulteration ................................................................................................ 146
11.1. Summary ............................................................................................................... 146
11.2. Materials and methods........................................................................................... 147
11.2.1. Sample Preparation ......................................................................................... 147
11.2.2. Atomic absorption spectroscopy analysis ....................................................... 148
11.2.3. LIBS spectra acquisition ................................................................................. 148
11.3. Data analysis.......................................................................................................... 149
11.3.1. PLSR ............................................................................................................... 149
11.3.2. Spatial mapping .............................................................................................. 151
11.4. Results and Discussion .......................................................................................... 152
11.4.1. Atomic absorption spectroscopy analysis ....................................................... 152
11.4.2. Spectral analysis ............................................................................................. 153
11.4.3. Multivariate data analysis ............................................................................... 155
11.5. Conclusions ........................................................................................................... 163
xi

Chapter 12 Concluding remarks and future recommendations .......................................... 165
References .......................................................................................................................... 168

xii

List of figures
Figure 2.1 A typical screw feed chamber of a mincer ......................................................... 14
Figure 2.2 A typical hyperspectral imaging system, adapted from: Xiong et al. (2014) ..... 21
Figure 3.1 Striploin beef steaks............................................................................................ 33
Figure 3.2 Beam-splitter incorporated NIR spectrophotometer........................................... 35
Figure 3.3 Configurations of the probes used in different experiments............................... 37
Figure 3.4 Pushbroom Hyperspectral Imaging system ........................................................ 38
Figure 3.5 Schematic diagram of LIBS setup. ..................................................................... 40
Figure 4.1 Minced beef samples .......................................................................................... 46
Figure 4.2 Fat determination with soxhlet apparatus; (a) Running soxhlet apparatus, (b) Fat
obtained from beef fat trimmings and (c) Fat obtained from lean beef ............................... 47
Figure 4.3 Fibre-optic probe configuration .......................................................................... 49
Figure 4.4 SNV transformed and smoothed NIR spectra of the minced beef samples: (a)
Static and (b) Motion (The arrow indicates the direction of increasing content of fat
trimmings). ........................................................................................................................... 54
Figure 4.5 Loading plot for samples with respect to the fat model. .................................... 55
Figure 4.6 Prediction plots for the independent batch 3 in static and motion conditions for:
(a) Fat-static, (b) Fat-motion, (c) Moisture-static and (d) Moisture-motion. ....................... 58
Figure 4.7 Prediction plots for the independent batch 3 in static and motion conditions for:
(a) Protein-static, (b) Protein-motion, (c) Ash-static and (d) Ash-motion. .......................... 59
Figure 5.1 Receiver signal ................................................................................................... 65
Figure 5.2 Spectrum at different stand-off distances vs reference spectrum ....................... 66
Figure 5.3 SNR of spectrum at various stand-off distances ................................................. 67
Figure 5.4 SNV transformed and smoothed NIR spectra of the minced beef samples at
distances of 1, 2.5 and 4 cm (The arrow indicates the direction of increasing content of fat
trimmings). ........................................................................................................................... 68
Figure 6.1 Collimator-probe setup ....................................................................................... 72

xiii

Figure 6.2 SNV transformed and smoothed NIR spectra of the minced beef samples in
static, slow and fast motion conditions at collimator distances of 1, 2.5 and 4 cm; (a) Static1cm, (b) Static-2.5cm, (c) Static-4cm, (d) Slow-1cm, (e) Slow-2.5cm, (f) Slow-4cm, (g)
Fast-1cm, (h) Fast-2.5cm and (i) Fast-4cm (The arrow indicates the direction of increasing
content of fat trimmings)...................................................................................................... 76
Figure 6.3 PLS main loadings plot for samples with respect to the fat model at a collimatorprobe distance of 4 cm. ........................................................................................................ 82
Figure 7.1 Grid sample arrangement for batch 3 as (a) fat composition, (b) Top view distances of the samples from the collimator probe arrangement and (c) 3D view - distances
of the samples from the collimator probe arrangement. (
- represents the viewing
angle ..................................................................................................................................... 91
Figure 7.2 Spectral measurements with different stand-off for individual probes .............. 94
Figure 7.3 SNV transformed and smoothed NIR reflectance spectra of the calibration set in
static conditions (The arrow indicates the direction of increasing content of fat trimmings).
.............................................................................................................................................. 98
Figure 7.4 SNV transformed and smoothed NIR reflectance spectra: (a) without baseline
correction setting and (b) with baseline correction setting. ............................................... 100
Figure 7.5 Prediction plots for fat in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5
cm) and ♦: Testing set (1 cm)). .......................................................................................... 106
Figure 7.6 Prediction plots for moisture in static as well as in motion; (a) static- w/o
baseline correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction
and (d) motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing
set (1.5 cm) and ♦: Testing set (1 cm)). ............................................................................. 107
Figure 7.7 Prediction plots for protein in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5
cm) and ♦: Testing set (1 cm)). .......................................................................................... 108
Figure 7.8 Prediction plots for ash in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5
cm) and ♦: Testing set (1 cm)). .......................................................................................... 109

xiv

Figure 7.9 Spatial map for percentage of fat content in static conditions; (a) Measured fat
content, (b) Predicted fat content w/o baseline correction adjustment (c) Predicted fat w/
baseline correction adjustment. .......................................................................................... 111
Figure 7.10 Spatial map for percentage of moisture content in static conditions; (a)
Measured moisture content, (b) Predicted moisture content w/o baseline correction
adjustment (c) Predicted fat w/ baseline correction adjustment. ....................................... 112
Figure 7.11 Spatial map for percentage of protein content in static conditions; (a) Measured
protein content, (b) Predicted protein content w/o baseline correction adjustment (c)
Predicted fat w/ baseline correction adjustment. ............................................................... 112
Figure 7.12 Spatial map for percentage of ash content in static conditions; (a) Measured ash
content, (b) Predicted ash content w/o baseline correction adjustment (c) Predicted fat w/
baseline correction adjustment. .......................................................................................... 113
Figure 8.1 Schematic diagram of multi-point NIR system setup. ...................................... 117
Figure 8.2 SNV transformed and smoothed NIR spectra of the minced beef samples at; (a)
Static, (b) Slow and (c) Fast (The arrow indicates the direction of increasing content of fat
trimmings). ......................................................................................................................... 121
Figure 8.3 Prediction versus measured plots of batch 3 for fat content (○: Static, ∆ Slow
and □: Fast). ....................................................................................................................... 124
Figure 8.4 SNV transformed and smoothed NIR spectra of minced beef samples in
triplicates; (a) static and slow motion for pure fat trimmings and 20% fat trimmings
samples respectively, (b) static and slow motion for 20% fat trimmings and pure fat
trimmings samples respectively, (c) static and fast motion for pure lean beef and 80% fat
trimmings samples respectively and (d) static and fast motion for 80% fat trimmings and
pure lean beef samples respectively. .................................................................................. 125
Figure 9.1 Sample preparation for a typical experiment with HSI. ................................... 128
Figure 9.2 Hypercube displayed as spatial 2-D images (x,y) at any wavelength or as a pixel
spectrum at a spatial location. ............................................................................................ 129
Figure 9.3 SNV transformed and smoothed NIR spectra of beef samples at different fat
concentrations acquired by HSI (The arrow indicates the direction of increasing content of
fat trimmings). .................................................................................................................... 132
Figure 9.4 Distribution of the first two principal components scores in fat content at various
ratios generated by PCA .................................................................................................... 133

xv

Figure 9.5 Prediction plots for the minced beef samples: (a) fat, (b) moisture, (c) protein
and (d) ash .......................................................................................................................... 135
Figure 9.6 Chemical image of fat content resulting from replicate 3 ................................ 136
Figure 9.7 Chemical image of moisture content resulting from replicate 3 ...................... 136
Figure 9.8 Chemical image of protein content resulting from replicate 3 ......................... 137
Figure 9.9 Chemical image of ash content resulting from replicate 3 ............................... 137
Figure 10.1 LIBS spectra: (a) raw spectra of lean beef and beef liver, (b) SNV transformed
spectra: from top to bottom - rubidium peak at 780 nm for batches 1 and 2. The arrow (↑)
indicates the direction of increasing content of rubidium. ................................................. 144
Figure 11.1 Pure kidney sample pellet (dried and compressed): (a) before LIBS analysis
and (b) after LIBS analysis illustrating the 100 (10 x 10) craters created by the laser
ablation. .............................................................................................................................. 149
Figure 11.2 LIBS spectra: (a) lean beef and beef kidney, (b) sodium peaks at 568.2 nm and
568.8 nm for batch 1(c) potassium peaks at 766.4 nm and 769.8 nm for batch 1. The
upward arrow (↑) indicates an increase in sodium with increase in kidney percentage and
the downward arrow (↓) indicates a decrease in potassium with increase in kidney
percentage. ......................................................................................................................... 154
Figure 11.3 Prediction plots: (a) sodium content, (b) potassium content and (c) kidney
adulteration for calibration and validation. Rp2 indicates the coefficient of determination in
prediction. .......................................................................................................................... 160
Figure 11.4 Spatial mapping distribution of predicted mineral content of batch 1 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM. ....................... 161
Figure 11.5 Spatial mapping distribution of predicted mineral content of batch 2 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM. ....................... 162
Figure 11.6 Spatial mapping distribution of predicted mineral content of batch 3 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM. ....................... 163

xvi

List of tables
Table 2.1 World-wide meat production and consumption in million tons, adapted from:
FAO (2016) ............................................................................................................................ 7
Table 2.2 Nutritional composition of different types of meat per 100 grams, adapted from:
FAO (2016) .......................................................................................................................... 10
Table 2.3 Specific requirements concerning the designation of minced meat, adapted from:
European Parliament and Council (2011) ............................................................................ 13
Table 4.1 Chemical composition of minced lean beef and beef fat trimmings per
independent experiment (batch) ........................................................................................... 52
Table 4.2 Performance of PLSR models in predicting the chemical composition of the test
data set (batch 3) in static as well as motion conditions ...................................................... 56
Table 6.1 Chemical composition of minced lean beef and fat beef trimmings. .................. 75
Table 6.2 Developed PLSR calibration models for fat from raw spectra and also using
different Pre-processing techniques ..................................................................................... 78
Table 6.3 Developed PLSR calibration models for moisture from raw spectra and also
using different Pre-processing techniques. .......................................................................... 79
Table 6.4 Developed PLSR calibration models for protein from raw spectra and also using
different Pre-processing techniques. .................................................................................... 80
Table 6.5 Developed PLSR calibration models for ash from raw spectra and also using
different Pre-processing techniques. .................................................................................... 81
Table 6.6 Performance of PLSR models in predicting the chemical composition of the test
data set in static as well as slow and fast motion conditions. .............................................. 84
Table 6.7 Performance of PLSR models in terms of SEC, SECV and SEP. ....................... 85
Table 7.1 Chemical composition of minced lean beef and fat beef trimmings over 3
independent experiments...................................................................................................... 97
Table 7.2 Developed PLSR calibration models using different pre-processing techniques.
............................................................................................................................................ 102
Table 7.3 Performance of PLSR models in predicting the chemical composition of the test
data set (batch 3) in static conditions using both modes for baseline correction adjustments
and at different probe-sample distances. ............................................................................ 104

xvii

Table 7.4 PLSR results for prediction of chemical components in motion ....................... 110
Table 8.1 Fat content of minced lean beef and fat beef trimmings. ................................... 120
Table 8.2 Performance of PLSR models in predicting fat content for the test data set in
static as well as slow and fast motion conditions............................................................... 123
Table 9.1 Chemical composition (Mean + SD) of lean beef and fat trimmings. ............... 131
Table 9.2 Performance of PLSR models in predicting the chemical composition of the test
data set (replicate 3). .......................................................................................................... 134
Table 10.1 Rubidium content in dry matter (DM) of samples determined by GFAAS over
two independent batches. ................................................................................................... 143
Table 11.1 Sodium and potassium content in dry matter (DM) of samples determined by
AAS over three independent batches. ................................................................................ 153
Table 11.2 Possible contributions to identiﬁed spectral peaks from various elements in the
184.547-904.123 nm region ............................................................................................... 155
Table 11.3 Performance of PLSR calibration models (Batch 1 and 2) and PLSR validation
models (Batch 3) in predicting Na, K contents and kidney adulteration: no. Latent variables
(LVs), coefficients of determination in calibration (𝑹𝒄𝟐), Root mean square error of
calibration (RMSEC), coefficients of determination in cross validation (𝑹𝒄𝒗𝟐), root mean
square error of cross validation (RMSECV), intercept, slope, coefficients of determination
in prediction (𝑹𝑷𝟐), root mean square error of prediction (RMSEP) and bias. Prediction
plots are shown in Figure 11.3. .......................................................................................... 157

xviii

List of publications
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, Xavier Cama-Moncunill, Maria
Markiewicz-Keszyck, Franklyn Jacoby, P. J. Cullen, & C. Sullivan (2017). Introduction
to laser induced breakdown spectroscopy imaging in food: Salt diffusion in meat.
Journal of Food Engineering (doi.org/10.1016/j.jfoodeng.2017.08.010).
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, Xavier Cama-Moncunill, Maria
Markiewicz-Keszyck, P. J. Cullen, & C. Sullivan (2017). Developments and challenges
in on-line. NIR spectroscopy for meat processing. Comprehensive Reviews in Food
Science and Food Safety (Accepted).
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, Maria
Markiewicz-Keszycka, P. J. Cullen, & C. Sullivan (2017). Laser Induced Breakdown
Spectroscopy for quantification of sodium and potassium in minced beef: a potential
technique for detecting beef kidney adulteration. Analytical Methods, 9, 3314-3322.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, P. J. Cullen, & C. Sullivan (2017).
Challenges in Model Development for Meat Composition Using Multipoint NIR
Spectroscopy from At‐Line to In‐Line Monitoring. Journal of Food Science, doi:
10.1111/1750-3841.13770.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, Maria Markiewicz-Keszycka, X.
Cama-Moncunill, P. J. Cullen, & C. Sullivan (2017). Quantification of rubidium as a
trace element in beef using laser induced breakdown spectroscopy. Meat Science, 130,
47-49.

xix

Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, P. J. Cullen, &
C. Sullivan (2016). Prediction of beef fat content simultaneously under static and motion
conditions using near infrared spectroscopy. Journal of Near Infrared Spectroscopy, 24
(4), 353–361 (2016).
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, Maria
Markiewicz-Keszycka, P. Cruise, Franklyn Jacoby, P. J. Cullen, & C. Sullivan (2016).
NIR spectrophotometry with integrated beam splitter as a process analytical technology
for meat composition analysis. Analytical Methods, 20 (8), 4134-4141.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, F. Jacoby, P. J.
Cullen, & C. Sullivan (2016). Multipoint NIR spectrometry and collimated light for
predicting the composition of meat samples with high standoff distances. Journal of
Food Engineering, 175, 58-64.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, Maria
Markiewicz-Keszycka, P. J. Cullen, & C. Sullivan (2016). “Evaluating the performance
of collimated light for near infrared analysis of minced beef samples.” NIR news 27 (4):
14-16.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, P. J. Cullen, & C. Sullivan (2016).
“Near infrared data analysis using R: Live streaming graph generation and processed
data visualisation.” NIR news 26 (5): 15-17.

xx

Y. Dixit, R. Cama-Moncunill, C. Sullivan, L. Alvarez-Jubete and A. Ktenioudaki (2014).
“Near infrared hyperspectral image analysis using R. Part 5: Animated visualisation of
hyperspectral data using R and ImageJ.” NIR news 25 (7): 15-17.
R. Cama-Moncunill, M. P. Casado-Gavalda, Xavier Cama-Moncunill, Maria MarkiewiczKeszycka, Y. Dixit, Patrick J. Cullen & Carl Sullivan. Quantification of trace metals in
infant formula premixes using Laser-Induced Breakdown Spectroscopy (LIBS).
Spectrochimica Acta Part B: Atomic Spectroscopy, 135, 6-14.
Maria Markiewicz-Keszyck , Xavier Cama-Moncunill, M. P. Casado-Gavalda, , Y. Dixit, R.
Cama-Moncunill, Patrick J. Cullen & Carl Sullivan. Laser-induced breakdown
spectroscopy (LIBS) for food analysis: A review. Trends in Food Science &
Technology, 65, 80-93.
M.P. Casado-Gavalda, Y. Dixit, David Geulen, R. Cama-Moncunill, Xavier CamaMoncunill, Maria Markiewicz-Keszycka, Patrick J. Cullen & Carl Sullivan.
Quantification of copper content in beef and offal with Laser Induced Breakdown
Spectroscopy. Talanta, 169, 123-129.
Xavier Cama-Moncunill, Maria Markiewicz-Keszycka, Y. Dixit, R. Cama-Moncunill, M. P.
Casado-Gavalda, Patrick J. Cullen & Carl Sullivan (2017). Feasibility of Laser-Induced
Breakdown Spectroscopy (LIBS) as an at-line validation tool for calcium determination
in infant formula. Food Control 78, 304-310.
R. Cama-Moncunill, M. Markiewicz-Keszycka, Y. Dixit, X. Cama-Moncunill, M. P.
Casado-Gavalda, P. J Cullen, C. Sullivan (2016). Multipoint NIR spectroscopy for gross

xxi

composition analysis of powdered infant formula under various motion conditions.
Talanta, 154, 423-430.
R. Cama-Moncunill, M.P. Casado, Y. Dixit, D. Togashia, L. Alvarez-Jubetea, P.J. Cullen
and C. Sullivan (2015). Moisture determination of static and in motion powdered infant
formula utilising a novel Multiprobe Near-Infrared spectroscopy system. Journal of Near
Infrared Spectroscopy, 23 (4), 245-253.
R. Cama-Moncunill, Y. Dixit, X. Cama-Moncunill, M. P. Casado-Gavalda, Maria
Markiewicz-Keszycka, P. J. Cullen, & C. Sullivan (2016). “Multipoint NIR
spectroscopy for simultaneous analyses of dairy ingredients. Part A: characterization.”
NIR news 27 (8): 7-10.
C. Sarangapani, Y. Dixit, V. Milosavljevic, P. Bourke, C. Sullivan & P. J. Cullen (2016).
Optimization of atmospheric air plasma for degradation of organic dyes in wastewater.
Water Science and Technology, 75 (1), 207-219.

Conferences
Oral presentations
Y. Dixit, M. Casado, R. Cama-Moncunill, C. Sullivan, T. El Arnaout, P.J. Cullen, F. Jacoby.
Novel Multipoint NIR spectroscopy: Overcoming the limitation of sample heterogeneity
by prediction of minced beef in static and motion conditions. ICEF12, 14-18 June 2015.
Quebec City, Canada.
X. Cama-Moncunill, M. Markiewicz-Keszycka, M. P. Casado-Gavalda, R. CamaMoncunill, Y. Dixit, P.J. Cullen and C. Sullivan. Calcium quantification in infant
xxii

formula via a novel laser-induced breakdown spectroscopy system. Food Factor I, 2-4
November 2016, Barcelona, Spain.
Poster presentation
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, Maria
Markiewicz-Keszycka, T. El Arnaout, P. J. Cullen, & C. Sullivan. Detecting Offal
adulteration in meat using LIBS. Food Factor I, 2-4 November 2016, Barcelona, Spain.
Y. Dixit, M. P. Casado-Gavalda, R. Cama-Moncunill, X. Cama-Moncunill, Maria
Markiewicz-Keszycka, P. J. Cullen, & C. Sullivan. Multipoint NIR Spectroscopy
integrating collimated light and beam splitting for real-time prediction of beef
composition. IUFoST 18, 21-25 August 2016, Dublin, Ireland.
R. Cama, Y. Dixit, M. Casado, T. El Arnaout, P.J. Cullen, C. Sullivan. Moisture content
determination of powdered infant formula in static and dynamic conditions utilising a
novel multiprobe near-infrared spectroscopy system. ICEF12, 14-18 June 2015. Quebec
City, Canada.

xxiii

Chapter 1 Introduction
1.1. Meat in human diet
Meat is a popular food product worldwide due to its high nutritional value and wide range of
flavours (Barbut, 2001; Patsias et al., 2008; Radha krishnan et al., 2015). The growing world
population continues to increase demand for higher meat production (Ledesma et al., 2015).
Meat and meat products comprise of significant proportions of protein, vitamins and minerals
which are required for human growth and development. Processing of meat into a variety of
products may add value, reduce price and extend shelf-life (FAO, 2016). Various processing
techniques have been developed over the last decade to aid the manufacture of a wide range
of products with different attributes (Hui, 2012).
Mincing of meat is a preliminary process for products such as hamburger patties,
meat balls, meat paste and sausages. Products made from minced meat are widely
appreciated because of their low cost and broad range of texture and flavour (Morsy and Sun,
2013). Fat trimmings removed from the various cuts of beef are mixed with cheaper cuts in
order to improve consumer acceptability and palatability. Most of these products are
available and priced in the market based on fat levels (Ranken, 2000).
Marbling and visible fats are considered by the consumers to be important markers for beef
quality (ElMasry et al., 2012). European union (EU) regulations defines that fat content in
pure minced beef should be ≤ 20% (European Parliament and Council, 2011). The fat portion
is associated with the species-specific flavour of beef (Kerth et al., 2015; Toldrá, 2010). Fat
also play other roles such as, in meat paste, acting as a lubricant between the meat particles,
thus giving spreadability (Ranken, 2000).
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Beef is also a rich source of macro minerals such as sodium (Na), potassium (K) and
phosphorus (P) as well as micro minerals such as copper (Cu), Zinc (Zn), Iron (Fe), rubidium
(Rb) etc. Potassium is the most abundant mineral except for cured meat where Na from the
added salt predominates (Lawrie, 2006). The importance of Na and K for humans has been
extensively studied (Farquhar et al., 2015; Goldstein and Leshem, 2014; Ndanuko et al.,
2017; Reddy et al., 2015; Singh and Chandorkar, 2016).
In recent years, consumer awareness has increased towards safety and authenticity of
meat, particularly for minced meat as it offers opportunities for adulteration and
contamination. Declaration of mineral content in food products is a regulatory requirement
as per European Union (EU) regulations (European Parliament and Council, 2011).
Authenticity of the meat available in the market is a major requirement to meet the demands
of consumers and assuring compliance with the government regulations and safety standards.
Thus, to ensure the safety and correct quality of minced meat, its chemical as well as mineral
composition should be analysed. Current industrial scenarios need novel spectroscopic
technologies which can perform at/on/in-line quality monitoring. NIR (Near-infrared)
spectroscopy and hyperspectral imaging (HSI) are sensing solutions which provide real time
quality control and assurance. Also, laser induced breakdown spectroscopy (LIBS) is an
emerging technology in the area of mineral analysis in food with a potential as an at-line
monitoring tool.

1.2. Novel spectroscopic techniques for meat analysis
Near-Infrared (NIR) spectroscopy has emerged as a highly valuable tool for monitoring
manufacturing processes in the food industry. NIR spectroscopy benefits from many
advantages when compared to traditional methods for proximate analysis such as being fast,
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suitable for on/in-line monitoring, requiring little or no sample preparation, non-destructive,
non-contact and more (Bajwa et al., 2009; Gowen et al., 2008a; Herkert et al., 2001; Huang
et al., 2008; Osborne, 2000; Reich, 2005). Multi-point NIR spectroscopy systems also
overcome the limitation of sample heterogeneity observed when using single point
spectrophotometers. Moreover, it gives the added advantage of providing spatial
information. Hyperspectral imaging is a sensing technique that combines both spectroscopic
and imaging in one system (Barbin et al., 2013b). One of the most significant feature of HSI
is simultaneous measurements of spectral and spatial information which allows for a more
detailed analysis of the samples such as IMF or moisture distribution in a beef steak (Ravn
et al., 2008).
Laser Induced breakdown spectroscopy (LIBS) is a spectroscopic technique for
mineral analysis which is based on atomic emission spectroscopy (AES). LIBS provides
numerous advantages as a monitoring technique such as minimal sample preparation,
chemical free process, rapid detection, spatial information and portability as compared to the
existing technologies of ICP-OES (Inductively coupled plasma – Optical emission
spectrometry) and AAS (Atomic absorption spectroscopy) (Abdel-Salam et al., 2017; Bilge
et al., 2016a; Er et al., 2016; Moncayo et al., 2016; Singh et al., 2017; Unnikrishnan et al.,
2013; Wang et al., 2016). Beef and beef offal, such as kidney, have different contents of Na
and K which could be utilized by LIBS to develop quantification models for the same
(Lawrie, 2006). Moreover, the difference in mineral composition of beef and beef kidney
could be exploited to detect and quantify beef kidney adulteration.
The unique spectral features obtained from NIR spectroscopy, HSI and LIBS make these
techniques suitable for Process Analytical Technology (PAT) applications. PAT
implementation gives an opportunity to achieve better process control and subsequently
3

reduction of production costs. PAT uses various multivariate statistical methods in order to
predict chemical and mineral composition of the product (Misra et al., 2015). Spectral data
obtained from NIR spectroscopy, HSI and LIBS combined with various chemometric
techniques have been effectively employed for determining useful information related to
meat composition (ElMasry et al., 2013; Geladi, 2003; Wang and Paliwal, 2007). Bajwa et
al. (2009) used Visible-Near-Infrared (Vis/NIR) spectroscopy for predicting cholesterol, fat,
calories, and moisture content of fresh and cooked ground beef patties. ElMasry et al. (2013)
used Hyperspectral imaging (HSI) for predicting water, fat and protein content of beef
samples. Similarly, Tøgersen et al. (2003) used non-invasive NIR spectroscopy for
estimating moisture and protein. Andersen et al. (2016) used LIBS for at-line monitoring of
calcium (Ca) content in minced poultry meat. Bilge et al. (2016c) utilized LIBS to identify
different meat species i.e. beef, pork and chicken. Meat mixtures of pork-beef and chickenbeef were also analysed. The common approach among all these studies was the use of
chemometrics to build calibration models. Hence, NIR spectroscopy, HSI and LIBS
combined with chemometrics holds great potential as quality monitoring tools for the meat
industry.

1.3. Aims and objectives of the thesis
The primary aim of this study was the evaluation of novel spectroscopic technologies: multipoint NIR spectroscopy, HSI and LIBS for monitoring beef quality. The specific objectives
of this thesis were:
•

To elaborate the review of literature providing the necessary knowledge and
understanding of the extent of present research work. Review of literature has been
presented in chapter 2.
4

•

To evaluate the multi-point NIR system equipped with four reflectance fiber-optic
probes to identify and predict compositional attributes of minced beef such as
moisture, fat, protein and ash. Two NIR spectrophotometers were used, (a) One with
an operating wavelength range of 1500 to 2100 nm and the other (b) with a range of
1500 to 2295 nm which is incorporated with a beam splitter for baseline corrections.
All related studies are presented in chapters 3-8.

•

To evaluate the HSI system, operating in a wavelength range of 880 to 1720 nm for
identification and prediction of compositional attributes of minced beef along with
chemical imaging. The study has been presented in chapter 9.

•

To evaluate the LIBS system, operating in the wavelength region of 180 to 904 nm
for; (a) quantification of minerals such as Na, K and Rb in minced beef, (b) explore
the potential of LIBS to detect offal adulteration and (c) demonstrate the ability of
LIBS to provide spatial information of the elements, Na and K in minced beef.
Studies are presented in chapters 10 and 11.

•

To outline the conclusions and future recommendations that will contribute to the
development of multi-point NIR spectroscopy, HSI and LIBS as quality monitoring
tools for the meat industry, which are presented in chapter 12.
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Chapter 2 Review of literature
2.1. Meat
Meat is one of the most important livestock product because of its rich nutritional nature.
The significance of meat is related to its high-quality protein, which contains all the essential
amino acids, vitamins and minerals. The demand for meat and meat products is growing in
many parts of the world because of the growing population. As per Food and Agriculture
Organization (FAO, 2016), it is expected that world meat production will double by 2050,
which is mostly driven by demand in developing countries. Popularity of meat is related to
its use in a variety of products such as meat balls, pastes, burger patties and many more.
2.1.1. Definition and classification of meat
Flesh of animals and fowls used as food is defined as meat. It often includes the musculature,
organs such as liver, kidney, brain and other edible tissues (Lawrie, 2006). Meat obtained
from cattle, pigs and sheep is defined as red meat, while the meat obtained from poultry
(chicken, turkey, duck, pigeon, guinea fowl) is termed as white meat (FAO, 2016). Meat has
various legal definitions which are designed to control the composition of products made
with meat. As per Annex I, fresh meat is defined as, “meat that has not undergone any
preserving process other than chilling, freezing or quick-freezing, including meat that is
vacuum-wrapped or wrapped in a controlled atmosphere”.

Meats can be classified into three types: (a) Red meat, (b) White meat and (c) Game
meat. The meat obtained from cattle, sheep and pigs is defined as red meat due to the high
amount of myoglobin which gives it a dark red colour. Meat obtained from poultry is defined
as white meat. Animals or birds which are hunted for their meat such as geese and wild boar
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are defined as game meat. Table 2.1 shows the world-wide production and consumption of
different meats.

Table 2.1 World-wide meat production and consumption in million tons, adapted from: FAO
(2016)
2012

2013 (estimated)

2014 (forecast)

Production

304.2

308.5

311.8

Bovine meat

67

67.7

68

Poultry meat

105.4

107

108.7

Pig meat

112.4

114.3

115.5

Ovine meat

13.7

13.9

14

Trade

29.7

30.9

31.3

Bovine meat

8

9.1

9.4

Poultry

13

13.2

13.5

Pig meat

7.5

7.4

7.2

Ovine meat

0.8

1

1

WORLD BALANCE

SUPPLY AND DEMAND INDICATORS
Per capita food consumption (kg/year):
World

42.9

42.9

42.9

Developed

76.2

75.9

76.1

Developing

33.5

33.7

33.7

2.1.2. Structure of meat
Meat Carcass comprises of lean, fat and bone, along with connective tissue. The fat can be
subcutaneous, intermuscular or intramuscular. Subcutaneous fat is relatively easy to trim for
producing leaner-looking meat. Intermuscular fat is more difficult to remove which is also
7

referred to as marbling fat because when abundant it gives a marbled appearance to the lean
(Warris, 2000).
2.1.2.1. Muscle
The most important component of meat is the muscle. The myofibrillar proteins form about
60% of the total muscle protein. The remaining 40% consist mainly of the ordinary cellular
proteins, especially the enzymes, normally found in all types of cell and, because they occur
in the sarcoplasm, referred to as the sarcoplasmic proteins, and the stroma proteins. Muscles
removed from a carcass frequently have a complex shape resulting from the complexity of
their operation in the live animal and their attachment to the skeleton. All muscles have the
same basic structure, consisting of muscle fibres bound together into bundles which are
themselves often arranged in larger groupings. The state of contraction in muscles can
considerably influence meat texture. There are three distinct types of muscle in living
animals: skeletal, cardiac, and smooth muscles. However, from the point of view of meat
derived from carcass of domestic livestock species, skeletal muscle is the most important
because it represents 50- 70% of the total body weight of meat animals. Skeletal muscle is
voluntary (can be contracted voluntarily by organism) and multinucleated (several nuclei
located peripherally in the cell). Contractile, structural, and regulatory proteins in skeletal
muscle are highly organized into a striated pattern (Warris, 2000).
2.1.2.2. Connective tissue
Muscle structure of the is majorly defined by sheaths of connective tissue. Individual muscle
fibres are surrounded by a fine network of connective tissue, the endomysium. Bundles of
fibres are surrounded by the perimysium, and the whole muscle is contained within the
epimysium. The main component of the connective tissue is collagen, together with the
8

protein elastin. The longissimus dorsi (LD) muscle of an ox contains about 0.5% collagen
and 0.1% elastin (Warris, 2000).
2.1.2.3. Microscopic structure of muscle fibre
Muscle fibre may be several, or even tens of centimetres, long but is usually only about 60–
100 μm in diameter. Fibres contain all the organelles normally found in living cells. A unique
feature of muscle fibres is that, embedded in the sarcoplasm, are regularly arranged fibrils.
In a single fibre there might be between one and two thousand fibrils each about 1 μm in
diameter and running longitudinally. Together the fibrils may occupy about 80% of the
volume of the fibre. Each fibril is itself made up of smaller elements called filaments. These
are of two sorts, thick filaments (about 15 nm in diameter) consisting mainly of the protein
myosin and thin filaments (about 7 nm in diameter) consisting mainly of the protein actin.
Under certain conditions actin and myosin can react together to produce contraction of the
system and therefore the whole muscle. When they are in this state they are sometimes
referred to in combination as actomyosin. A more detailed discussion about meat structure
can be found elsewhere (Lawrie, 2006; Warris, 2000).
2.1.3. Composition and regulations of meat
In general, meat can be composed of approximately 75% moisture, 19% protein, 3.5%
soluble non-protein substances and 2.5% fat (Lawrie, 2006). The composition of meat varies
depending on the type. Composition of meat includes water, protein and amino acids,
minerals, fats and fatty acids, vitamins and other bioactive components, and small quantities
of carbohydrates (FAO, 2016). Table 2.2 shows the nutritional composition of different types
of meat.
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Table 2.2 Nutritional composition of different types of meat per 100 grams, adapted from:
FAO (2016)
Product

Water

Protein

Fat

Ash

Beef (lean)

75.0

22.3

1.8

1.2

Beef carcass

54.7

16.5

28.0

0.8

Pork (lean)

75.1

22.8

1.2

1.0

Pork carcass

41.1

11.2

47.0

0.6

Veal (lean)

76.4

21.3

0.8

1.2

Chicken

75.0

22.8

0.9

1.2

Venison (deer)

75.7

21.4

1.3

1.2

Beef fat (subcutaneous)

4.0

1.5

94

0.1

Pork fat (back fat)

7.7

2.9

88.7

0.7

In Europe, the European Commission is responsible for the development and implementation
of regulations for meat and meat products. Regulation No. 853/2004 of European Parliament
and Council (2004a) defines specific hygiene rules for food of animal origin and Regulation
No. 854/2004 European Parliament and Council (2004b) defines specific rules for the
organization of official controls on products of animal origin intended for human
consumption. Regulations regarding minced meat is discussed in section 2.2.4.
2.1.3.1. Macro nutrients
Protein
Proteins are condensation polymers of amino acids. Proteins consist of carbon, oxygen,
hydrogen as well as nitrogen and some contain sulphur, phosphorus and iron. Proteins vary
in solubility and are colourless and tasteless. Meat contains approximately 19% protein,
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although it varies depending on the type of meat and part of the meat carcass. Protein
digestibility corrected amino acid score (PDCAAS) is FAO’s preferred method for the
measurement of the protein value in human nutrition. The method is based on comparison of
the concentration of the first limiting essential amino acid in the test protein with the
concentration of that amino acid in a reference pattern (Schaafsma, 2000). Meat protein
digestibility score is around 95%, the same as milk and egg, compared with around 85%
from plant proteins. Traditionally, the biological value of a protein has been defined on the
basis of its amino-acid content in relation to human requirements and the suitability for
digestion, absorption and incorporation into body proteins (Moore and Soeters, 2015).
Biological value of meat protein is 0.76. Collagen, which is found in connective tissue,
ligaments, tendons, skin and many other types of tissue serving mechanical and structural
functions make up for almost one third of the total protein (Feiner, 2006).
Meat products are analysed for protein based on the Kjeldahl method (AOAC, 2000).
This method finds the total nitrogen within the meat product. Total nitrogen is then multiplied
by the factor 6.25, which gives the amount of protein present within meat or the meat product.
Lipids/fats
Meat carcass fat contains around 80–85% triacylglycerol fat, 5–10% moisture and around
10% connective tissue. Triglycerides are the building blocks of fat. Fat is made out of
molecules of carbon, hydrogen and oxygen. Complex lipids, also contain phosphorus,
nitrogen and sulphur besides carbon, hydrogen and oxygen. Food fats are carriers of fat
soluble vitamins and some essential unsaturated fatty acids (Feiner, 2006). Fats are important
precursors of meat aroma and are an essential component for ﬂavour development. Fat is
associated with the species-specific flavour of beef, playing a significant role on the
11

characteristic taste of beef meat (Kerth et al., 2015). It can also be related to an off flavour
due to lipid oxidation (Boylston et al., 2012). The distribution of fat within the lean portion
of meat is defined as marbling. Marbling and fatness are used as meat quality indicators, with
meat having high marbling considered to be desirable due to the effects of fat on flavour and
tenderness (Toldrá, 2010).
Fat is usually extracted from the meat samples using a soxhlet apparatus by following
official AOAC (2000) (Association of Official Agricultural Chemists) method.
2.1.3.2. Micro nutrients
Minerals
Mineral content in meat consists of the following elements: K, P, Na, Ca, Mg, Fe, Cu and
Zn. Potassium is quantitatively the most important, followed by phosphorus. High content
of iron in beef indicates the greater concentration of myoglobin. As per the study conducted
by Purchas et al. (2004), iron percentage in meat present as soluble haem decreased from 65
per cent (uncooked) to 22 percent when cooked at 60°C and decreased further with the
increase in cooking temperature. The insoluble iron percentage increased rapidly and
signiﬁcantly. However, these changes were not regarded as sufﬁcient to reduce nutritive
value. Zinc is also an important mineral found in meat. Reports suggests that infants
consuming an entirely vegetarian diet may suffer from retarded cognition activity because of
zinc deﬁciency (Lawrie, 2006).
Vitamins
Meat is an important source of vitamins B1 and B2. It is the main source of vitamin B12.
Organ meats, in general contain higher contents of vitamins than muscular tissue (Lawrie,
2006; Lombardi-Boccia et al., 2005).
12

2.2. Minced meat
As per European Parliament and Council (2004a) minced meat means boned meat that has
been minced into fragments and contains less than 1% salt .
Minced meat is one of the most popular meat products from both the producer and
consumer point of view because of its known consistency as a cost-effective and pleasing
food (Morsy and Sun, 2013). Minced beef in particular is a major ingredient for a variety of
products such as hamburgers, sausages and meat balls. It is available and priced in the market
based on varying fat levels. Sausages for example are a product with the primary aim of
presenting large fat proportions in a palatable way. Moreover, when preparing more ‘noble’
cuts of meat, trimmings are produced from which the fat is removed. These can be minced
together to produce products which are more desirable to the consumers because of their
different texture than that of the whole meat (Ranken, 2000). European Union (EU) defines
the specific requirements for minced meat as shown in Table 2.3.
Table 2.3 Specific requirements concerning the designation of minced meat, adapted from:
European Parliament and Council (2011)

Fat content

Collagen/meat protein
ratio*

Lean minced meat

≤7%

≤12%

Minced pure beef

≤20%

≤15%

Minced meat containing pig meat

≤30%

≤18%

Minced meat of other species

≤25%

≤15%

* The collagen/meat protein ratio is expressed as the percentage of collagen in meat protein.
The collagen content means the hydroxyproline content multiplied by a factor of 8.
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2.2.1. Mincing process
Minced or ground meat is produced with the help of a grinder or mincer. Figure 2.1 illustrates
the screw feed chamber of a typical meat mincer. Diced meat is introduced in to the screw
feed chamber where tearing occurs between the screw flights and the chamber wall. Final
mincing occurs when meat portions extruded through the rotating inner plate of knives are
either passed on through holes in the fixed outer plate or sheared off as the holes pass out of
the register. Connective tissues are quite evenly distributed in a sharp mincer but may create
some problem in a blunt mincer. Unfrozen meat is usually used for mincing in order to avoid
the melting effect (latent heat) which can absorb heat (Ranken, 2000).

Figure 2.1 A typical screw feed chamber of a mincer

2.2.2. Beef and minced beef products
Meat harvested from cattle is termed as beef. Beef can be obtained from bulls, heifers or
steers. In recent years, beef has emerged as an important protein source in human diets,
particularly in industrialized countries. In OECD (Organization for Economic Cooperation
and Development) countries around 58% of the protein content of an average diet consists
of livestock products out of which about 12% is beef (FAOSTAT, 2013). It is expected that
the global demand for beef will increase due to population growth, rising incomes and
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urbanization, especially in developing countries (Alexandratos and Bruinsma, 2012; de Vries
et al., 2015).
2.2.3. Role of fat in beef and minced beef products
Fat is one of the most important components of beef and minced beef products. Fats are
associated with meat aroma and are responsible for species-specific flavour in beef (Lawrie,
2006). Fat plays a variety of roles in different minced beef products such as; it provides
lubricity and structure to products. Products like beef burger contain up to ~ 30% fat. Tallow
(pure beef fat) is used in a variety of products such as shortenings, cakes, icings and pastries
(O'brien, 2008). The fat component is one of the most important markers of quality for beef
and minced beef products (ElMasry et al., 2012).
2.2.4. Quality control of minced beef
In recent years, consumer awareness has increased towards safety and authenticity of meat,
particularly for minced meat, since minced meat composition can be extremely variable and
easily manipulated which offers opportunities for adulteration and contamination (Cozzolino
et al., 2002). Most critical quality and safety issues of minced meat products are production
conditions, composition and handling of the raw materials (Morsy and Sun, 2013).
As per EU Directive (1994) chapter II Article 3, minced beef production must meet
the following requirements:
(a) The fresh meat from which it is obtained must:
(i) Where it has been frozen or deep-frozen, be obtained from fresh boned meat which
has been stored for no longer than 18 months for beef and veal, in a cold store
approved in accordance with Article 10 of Directive 64/433/EEC.
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(ii) Where it has been chilled, be used: - within no more than six days after slaughter
of the animals, or within no more than 15 days after slaughter of the animals in the
case of boned, vacuum-packed beef and veal;
(b) Minced meat must have undergone cold treatment within a period of not more than
one hour after portioning and wrapping, except where processes requiring the
lowering of the internal temperature of the meat during production are used.
(c) Minced meat must be packaged and presented in one of the following forms:
(i) Chilled and in this case obtained from meat as described in (a) (ii) and cooled to
an internal temperature below + 2°C in the shortest time possible. However, the
addition of a limited quantity of frozen meat satisfying the conditions laid down in
(a) (i) shall be authorized to accelerate the refrigeration process provided that this
addition is mentioned on the label. In such cases, the period referred to above must
not exceed one hour.
(ii) Deep-frozen, and in this case obtained from meat as described in (a) and cooled
to an internal temperature below - 18°C as quickly as possible, in accordance with
Article 1 (2) of Directive 89/108/EEC (17).
(d) Minced meat must not have been subjected to ionizing radiation or ultraviolet
treatment.
As per EU Directive (1994) chapter IV Article 7, microbiological tests must be carried out
on minced meat on a daily basis. These tests must be carried out either in the production
plant, if it is recognized by the competent authority, or in an approved laboratory. The sample
taken for analysis must comprise five units and be representative of daily production.
16

EU Directive (1994) ANNEX II, states that minced meat should be analysed for composition
on a daily basis. Minced beef is mainly analysed for:
(a) Moisture
(b) Protein
(c) Fat/lipids
(d) Ash
The AOAC (2000) official method for proximate analysis of meat, includes moisture content
(method 950.46), fat (method 960.39), protein (method 928.08) and ash (method 923.03).

2.3. Process Analytical Technology (PAT)
Process Analytical Technology (PAT) is a ﬁeld which involves a set of tools and principles
to enhance manufacturing process understanding and control (PUC) which includes process
analysis, chemical engineering, chemometrics, knowledge and risk management, and
process automation and control (Bakeev, 2010). Initially, process analytics was introduced
within the petrochemical and chemical industries. The Food and Drug Administration (FDA)
first introduced the PAT initiative for the pharmaceutical sector with an aim to further
improve the robustness of pharmaceutical processes (Misra et al., 2015). In recent years,
PAT has been introduced to other sectors including the food industry.
Minced meat products are related with critical quality and safety issues of production
conditions, composition and handling of raw materials before mincing. The use of PAT
provides a major opportunity for the meat industry to enhance the competitiveness of its
processing industries and gain added value in the worldwide market (Misra et al., 2015).
Minced meat is a heterogeneous mixture containing mainly moisture, fat and protein, their
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proportions varies depending on the type of meat and animal species. Mincing of meat
removes the morphological characteristics of meat muscle which makes it difﬁcult to
differentiate meats without sophisticated analytical procedures (Morsy and Sun, 2013). The
adulteration of meat, especially in minced products, has implications for the nutritional,
quality and safety profiles of meat. Uninformed adulteration in the comminuted meat
products is a prevalent issue in the current markets (Toldrá, 2010). Traditional quality control
methods are usually off-line laboratory based tests which are generally time consuming,
expensive and require sample destruction (Gowen et al., 2007; van den Berg et al., 2013).
Therefore, implementation of advanced technology that allows understanding and control of
the manufacturing process would be highly beneficial for the meat industry. Furthermore,
implementation of PAT tools offer several benefits such as increased process efficiency,
reduced operating costs, increased process validation and improved quality and safety of
final product.

2.4. Near-Infrared Spectroscopy
A typical NIR system consists of the following main components: light source,
spectrophotometer and a computer for data acquisition. The light source illuminates the
sample, which is then reflected (reflectance mode), transmitted (transmittance mode) or
diffused reflected (interactance mode) followed by its detection via an interferometric or a
dispersive system (Nicolai et al., 2007). The spectrophotometer mainly consists of an
interferometer, a prism, a diffraction grating or any similar optical device and a detector; the
optical device allows light of only a particular range of wavelengths or a single wavelength
to pass through to the detector. Finally, the detector sends the data acquired from the NIR
spectra to the computer for further analysis. There are different types of light sources and
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additional accessories which can be used. Detailed discussions about NIR instrumentation
can be found elsewhere (Osborne et al., 1993).
Near-Infrared spectroscopy has been demonstrated as a reliable and effective tool for
monitoring the quality and composition of meat products (Hong and Yasumoto, 1996; Liu et
al., 2015; Mazur et al., 2014). NIR spectroscopy provides many advantages when compared
to traditional methods of proximate analysis, including; speed of analysis, non-destructive
and non-invasive measurement and little or no sample preparation (Barbin et al., 2013b;
Gowen et al., 2008b; Porep et al., 2015). Moreover, multi-point NIR spectroscopy systems
have the added advantage of providing spatial information, an important factor when dealing
with heterogeneous samples such as meat.
The absorption bands observed in a NIR spectrum comprise of many general stretching
bond, bending bond and their combinations which are characteristics of some functional
chemical groups. Although the fundamental vibrations of molecular bonds occur in the midinfrared region, the combination vibrations and higher energetic overtones can be observed
in the NIR region. The absorption in the NIR region is weaker than in the mid-infrared by
several orders of magnitude due to quantum mechanical selection rules, which states that
overtone vibrations are less likely to occur than fundamental vibrations (O’Reilly et al., 2015;
Schonbrodt et al., 2006). The NIR region is advantageous when predicting chemical
composition of meat samples in comparison to the visible (400–800 nm) or shortwave
infrared region (800–1100 nm). The visible region contains absorption bands related to
different forms of myoglobin in meat samples while these bands are absent in the NIR region
(Cozzolino and Murray, 2002; Ortiz-Somovilla et al., 2007; Prieto et al., 2009a). The
absorption bands appear due to overtones and combinations of fundamental vibrations of
functional groups; C–H, N–H, O–H and S–H are most prevalent in the NIR region and are
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related to the major constituents of meat such as water, fat and proteins (ElMasry et al.,
2012). The absorbance due to different absorption bands have more importance than the
amount of relative reflectance. Hence, the presence of a component-specific absorption band
is critical in order to quantify the particular component (ElMasry et al., 2013).
The unique features obtained from NIR spectra makes the approach suitable for process
analytical technology (PAT) applications (Bakeev, 2010; Chavez et al., 2015).

2.5. Hyperspectral Imaging
Hyperspectral Imaging is an emerging non-destructive analytical technique that combines
both spectroscopic and imaging techniques in one system (Barbin et al., 2013b). One of the
most significant feature of HSI is simultaneous measurements of spectral and spatial
information which allows for a more detailed analysis of the samples (Ravn et al., 2008).
Figure 2.2 shows a schematic representation of Hyperspectral Imaging system. Quantitative
measurements of chemical components is quite important at the same time the distribution
of these components is extremely signiﬁcant to fully characterize the sample under analysis.
Hyperspectral Imaging is an apt technique to achieve this goal because of its ability to acquire
hundreds of spectra with high spectral and spatial resolution (Xiong et al., 2014).
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Figure 2.2 A typical hyperspectral imaging system, adapted from: Xiong et al. (2014)

2.6. Laser Induced breakdown spectroscopy (LIBS)
Laser Induced breakdown spectroscopy (LIBS) is an emerging technique for mineral analysis
of food with the potential for at-line or potentially in-line monitoring. LIBS is a technique
based on atomic emission spectroscopy (AES) in which a laser pulse ablates a small amount
of material, typically a few micrograms. A plasma is formed containing a mixture of excited
neutral and charged species, both in atomic and molecular form. The light emissions from
these excited species as they return to their ground state are measured using
spectrophotometers (Andersen et al., 2016; Radziemski and Cremers, 2006; Rakovský et al.,
2014). LIBS provides numerous advantages as a monitoring technique such as minimal
sample preparation, chemical free process, rapid detection, spatial information and
portability as compared to the existing technologies of ICP-OES (Inductively coupled plasma
– Optical emission spectrometry) and AAS (Atomic absorption spectroscopy) (Abdel-Salam
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et al., 2017; Bilge et al., 2016a; Er et al., 2016; Moncayo et al., 2016; Singh et al., 2017;
Unnikrishnan et al., 2013; Wang et al., 2016). However, there are several challenges
associated with LIBS when used for quantification. LIBS signal intensities are affected by
the physical and chemical properties of the sample (Ferreira et al., 2010). Chemical
composition, particle size and homogeneity of the sample surface are key factors. These
factors control the interaction of the laser with the sample and hence the plasma temperature,
which in turn affects the relative intensities of the emission lines due to a change in the
amount of ablated material (Andersen et al., 2016; Fortes et al., 2012; Lei et al., 2011).

2.7. Chemometrics
Chemometrics is a discipline which deals with the use of computer and information
technologies to solve chemical problems (Iwaniak et al., 2015). It acts as a language for the
acquired spectra to obtain the desired information. Chemometrics are the multivariate
statistical techniques which are required to extract the information related to compositional
attributes of the sample which are hidden in their respective spectrum. The regression
techniques are coupled with spectral pre-processing to obtain the desired information
(Nicolai et al., 2007). Multivariate data analysis techniques commonly employed include:
principal components analysis (PCA), partial least square (PLS), linear discriminant analysis
(LDA), multi-linear regression (MLR) and artificial neural networks (ANN).
2.7.1. Pre-processing techniques
Spectra is greatly influenced by non-linearities introduced by light scattering effects like Mie
scattering and optical scattering. Both baseline shifts and non-linearities occur due to a
considerable difference between the size of the wavelength and the particle size of the
sample. Apart from these, there are various other external factors such as instrumental
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variations (instrument temperature, wavelength shifts, illumination source stability etc.) and
sample variations (sample temperature, sample homogeneity, height differences between
probes and the sample etc.) which could include such non-linearities (Alexandrakis, 2012).
In order to remove these effects a pre-processing stage typically needs to be performed before
conducting multivariate analysis. Common pre-processing techniques are Standard Normal
Variate (SNV), Multiplicative Scatter Correction (MSC) and Savitzky-Golay smoothing. In
the studies involving LIBS analysis, normalization is a common pre-processing approach
including mean-centring.
Standard Normal Variate
Standard Normal Variate (SNV) is used to correct multiplicative variations between spectra.
In spectroscopy, such variations frequently arise from unintended or uncontrolled differences
in the sample path length, caused by variations in sample physical properties (particle size,
thickness), sample preparation, sample presentation, and perhaps even variations in
spectrometer optics (Bakeev, 2010). The SNV algorithm transforms individual spectrum by
subtracting its mean,𝑥̅𝑖 , and subsequently dividing it by its standard deviation (Equation 1).
Equation 1
𝒙𝑺𝑵𝑽_𝒊𝒋 =

(𝒙𝒊𝒋 − 𝒙̅𝒊 )
∑𝑵 (𝒙 − 𝒙̅𝒊 )𝟐
√ 𝒋=𝟏 𝒊𝒋
(𝑵 − 𝟏)

𝑥𝑆𝑁𝑉_𝑖𝑗 is the transformed absorbance at wavelength j for spectrum. 𝑥𝑖𝑗 is the original
absorbance of spectrum 𝑖 at wavelength j. N is the number of wavelengths in the spectrum.
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Multiplicative scatter correction
Multiplicative scatter correction (MSC) also removes the undesirable scatter effect from the
data matrix. The signal-correction concept of MSC is similar to SNV except a reference
spectrum is required for performing MSC. MSC comprises of two steps: (a) Estimation of
the correction coefﬁcients (additive and multiplicative contributions) and (b) Correcting the
recorded spectrum (Rinnan et al., 2009). As shown in Equation 2, an offset (a1N) and slope
(b) are individually estimated for each spectrum. 1N is a vector of ones having length N,
which corresponds to the number of wavelengths. Finally, spectra are individually corrected
by subtracting the offset and dividing by the slope as shown in Equation 3 (Nørgaard et al.,
2005).
Equation 2

𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 = 𝑎1𝑁 + 𝑏 𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚𝑟𝑒𝑓
Equation 3

𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =

(𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 − 𝑎1𝑁 )
𝑏

Savitzky-Golay Smoothing
Savitzky-Golay smoothing is a pre-processing technique which combines the numerical
derivation with a smoothing step (Rinnan et al., 2009). Smoothing is performed before
differentiation as direct differentiation would introduce noise. Savitzky-Golay smoothing is
generally combined with other pre-processing techniques to accomplish the removal of noise
(Cen and He, 2007).
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Normalization
Normalization is also used to correct multiplicative variations between spectra; the basic
principle is similar to SNV and MSC. There are several normalization approaches which can
be used and are explained in the study by Castro and Pereira-Filho (2016). Mean-centring is
a normalization technique which moves the centre of mass to the origin of the coordinate
system (Pořízka et al., 2017). It removes the absolute intensity information from each of the
variables, thus enabling modelling methods to focus on the response variations about the
mean (Bakeev, 2010). For a data array X containing responses of M variables over N
different samples, mean-centring can be represented by the following equation:
Equation 4

𝑋𝑚𝑐 = 𝑋 − 𝑥̅ ∗ 1𝑁
Where 𝑋𝑚𝑐 is the mean-centered data, 𝑥̅ is a vector that contains the mean response values
for each of the M variables, and 1𝑁 is a vector of ones that is N elements long.
2.7.2. Multivariate data analysis
Principal component analysis
Principal component analysis (PCA) is a data compression method that reduces a set of data
(raw spectral data) collected on M variables over N samples to a simpler representation that
uses a few compressed variables, called principal components (Bakeev, 2010). Principal
components are linear combinations of the original variables and are orthogonal to each
other. Principal components are derived in decreasing order of variance explained.
Therefore, the first principal component accounts for the maximum variation of the original
data (Chatfield and Collins, 1980).
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Partial least squares regression
Partial least squares regression (PLSR) is based on linear transition from a large number of
original descriptors to a new variable space based on a small number of orthogonal factors
called latent variables (Morsy and Sun, 2013). PLSR mathematically correlates the spectral
data to a matrix of the property of interest concurrently with all the other significant spectral
factors that disturb the spectrum (ElMasry et al., 2012). The procedure has two steps, the
first is the calibration and the second is the prediction that tests the calibration model (MezaMarquez et al., 2010).

2.8. Studies conducted for meat analysis using NIR spectroscopy and HSI
NIR spectroscopy has great potential as a quality monitoring tool in the meat industry.
Various studies have been conducted over the years illustrating the capabilities of this
technique along with Hyperspectral Imaging (HSI).
2.8.1. At-line and off-line analysis
In recent years, NIR spectroscopy has been employed to predict various physical, chemical
and sensory characteristics of meat. Hoving-Bolink et al. (2005) used NIR spectroscopy to
predict ultimate drip loss, colour, tenderness and intra-muscular fat (IMF) of pork. Results
indicated NIR spectroscopy was suitable for predicting IMF whereas other attributes did not
show good correlation with the NIR spectra. Barlocco et al. (2006) used NIR spectroscopy
to predict moisture, IMF and Warner-Bratzler shear force (WBSF) in pork samples. Results
showed that NIR spectroscopy was able to predict moisture and IMF in homogenized pork
samples and WBSF in intact samples. Similarly, Ortiz-Somovilla et al. (2007) used NIR
spectroscopy to predict fat, moisture and protein in minced mixtures for pork sausages.
Results illustrated the capability of NIR spectroscopy to predict the compositional attributes
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of the minced pork mixture. Prieto et al. (2008) successfully employed NIR spectroscopy to
discriminate between ground beef samples from steers and young cattle based on their
chemical composition. Results illustrated the ability of NIR spectroscopy to successfully
discriminate 100% of ground beef samples depending on the animal type which may have
been related to the differences in the IMF and moisture contents. Bajwa et al. (2009) used
Vis/NIR spectroscopy in order to predict nutrient quality of ground beef patties. Results
showed it can be used for screening fat and calories in both raw and cooked beef patties, and
may hold potential for cholesterol screening. ElMasry et al. (2011a) used a Hyperspectral
Imaging (HSI) system to assess the quality of cooked turkey hams. Results showed the ability
of a NIR Hyperspectral Imaging system to separate different quality turkey hams on the basis
of their chemical composition. ElMasry et al. (2011b) employed HSI to determine water
holding capacity of fresh beef. Barbin et al. (2012) used HSI in the wavelength range of 900
to 1700 nm for the classification of pork samples. ElMasry et al. (2013) successfully used
HSI to assess the major constituents in beef (water, fat and protein). Results illustrated that
HSI combined with chemometrics can simultaneous asses various chemical constituents.
Studies have also been conducted in order to predict adulteration in meat using NIR
spectroscopy and HSI. Kamruzzaman et al. (2013) used HSI to detect pork adulteration in
minced lamb samples. Similarly, Morsy and Sun (2013) used vis/NIR spectroscopy to detect
adulteration in minced beef. Samples were adulterated with pork, fat trimming and offal;
overall results showed that vis/NIR spectroscopy could successfully detect adulteration in
minced beef samples. Recently, Kamruzzaman et al. (2015) used vis/NIR HSI system to
detect adulteration in fresh minced beef with chicken. Results clearly indicated that HSI
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together with machine learning can be employed to detect, quantify and visualize the amount
of chicken added as adulterant to minced beef.
All studies mentioned are either at-line or off-line. However, the meat processing industry is
interested in on/in-line analysis, which eliminates the need for procuring samples from the
processing line and results are simultaneously obtained without interrupting the process.
2.8.2. On-line analysis
In the last decade, studies have been conducted in order to predict on-line meat composition
and other physical, chemical and sensory attributes using NIR spectroscopy. Isaksson et al.
(1996) conducted a study to evaluate the efficiency of a NIR spectrophotometer to predict
the chemical composition of ground beef directly at the outlet of a meat grinder. Beef was
grinded through 4 different plates with hole diameters of 4, 8, 9 and 13 mm. The NIR sensing
head was mounted at the outlet of the grinder. Five wavelength filters were selected to cover
C-H (1728 nm) and O-H (1441 and 1510 nm) band overtones related to fat and moisture
respectively. 1655 and 1810 nm filters were selected as references with low absorbance in
homogenized beef. Good predictions were obtained with 4 and 8 mm diameter grinder plates
and acceptable results were obtained with 9 mm. It was concluded that sampling error
contributed the most to the RMSECV (root mean square error of cross validation) due to the
restricted exposure of the sample to the NIR probe and the heterogeneity of ground beef
samples. Tøgersen et al. (1999) conducted a study to predict fat, moisture and protein in
ground beef and pork at the outlet of an industrial scale grinder. Better predictions were
observed for pork samples in comparison to beef. This can be attributed to the different
melting characteristics of the fat in pork and beef, which result in more distinct particles of
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beef fat than of pork fat at low temperature. This study also reveals that sampling error is the
major contributor to the calibration and prediction errors.
Anderson and Walker (2003) employed Vis/NIR spectroscopy in order to conduct on-line
measurements of fat content in ground beef using a conveyor system. Overall results showed
good feasibility of the system for on-line analysis of beef. Tøgersen et al. (2003) used NIR
spectroscopy to predict the chemical composition of semi-frozen ground beef at the outlet of
an industrial scale meat grinder.
Rust et al. (2008) employed NIR spectroscopy to predict tenderness of 15 day aged, cooked
beef. A low correlation coefficient between the observed and predicted values indicated low
accuracy of the system. However, the system illustrated the potential to sort the carcasses
into different tenderness categories. Prieto et al. (2009b) performed on-line vis/NIR
spectroscopy to predict chemical, physical and sensory characteristics of beef in an abattoir.
Results showed high predictions for colour measurements, low predictions were observed
for cooking loss and shear force. Reasonable predictions were observed for flavour as a
sensory characteristic. The study shows that vis/NIR spectroscopy was able to predict colour
and had good correlation with the sensory characteristics, both of which are important
attributes with regard to consumer perception.
Liao et al. (2010) used vis/NIR spectroscopy to predict quality traits (IMF, protein,
moisture, pH and shear force value) of fresh pork. Best predictions were observed for pH.
Reasonable predictions were observed for IMF, moisture and protein while poor predictions
were observed for shear force. Lomiwes et al. (2010) used NIR spectroscopy to determine
glycogen and predict ultimate pH (pHu) of pre-rigor beef. Significantly different covariation
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was observed between pHu and glycogen for bulls in comparison to steers and cows. Poor
results were obtained at classifying animals as per their pHu. Qualitative models correctly
categorized 42% of high pHu samples. Optimum qualitative and quantitative models showed
low correlation between predicted values and reference measurements. Results suggested
that predictive models for individual animal classes may be more accurate for glycogen and
muscle pHu predictions. However, this was not investigated due to the restricted number of
animals in each class.
Liao et al. (2012) used vis/NIR reflectance spectroscopy to predict pH in fresh pork on-line
with wavelet de-noising. Results showed that smoother spectra were obtained with soft
thresholding. It was verified with the results that vis/NIR spectroscopy holds the potential to
predict the pH value of fresh pork on-line and the use of discrete wavelet transform (DWT)
could provide a simpler and cost-effective calibration model.
De Marchi (2013) used vis/NIR reflectance spectroscopy to predict beef quality traits
such as pH, colour indexes, cooking loss and WBSF. Results showed good predictions for
colour, cooking loss, and pH of musculus longissimus thoracis (MLT) where as poor
predictions were reported for WBSF. The study suggested proper scheduling and position of
spectra collection which is difficult due to heterogeneity within the animals and slaughtering
conditions. Moreover, it is possible to improve the calibration equation using a large dataset.
Reis and Rosenvold (2014) used NIR spectroscopy for early on-line classification of beef
carcasses based on pHu. Calibration models showed a limited ability to predict the nominal
pHu value. The best approach to evaluate pHu was discovered to be two separate models for
bulls and non-bulls. Overall results showed that NIR spectroscopy has the potential to replace
wet chemistry analysis of pHu for prime animals (steers + heifers).
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In general, good performances have been achieved in the studies aimed at predicting
chemical composition of various meat and meat products using on/in-line NIR spectroscopy
systems. Similarly, good predictions for physical characteristics such as pH, colour, etc. and
sensory characteristics have illustrated the potential of NIR spectroscopy as an efficient
quality monitoring tool for the meat processing industry.

2.9. Studies conducted for meat analysis using LIBS
In the field of food analysis, especially with regard to meat, LIBS is still in its infancy and
only a few studies have been conducted. Andersen et al. (2016) used LIBS for at-line
monitoring of calcium (Ca) content in minced poultry meat. A range of commercial samples
were selected, representing different types of deboning equipment, carcass parts and
pressures applied during processing. In order to evaluate the ability of LIBS to discriminate
different calcium levels within the same sample, an enrichment experiment was conducted
in which two production samples i.e. BH (Upper backs and necks without skin) and D
(Boneless drumstick) were enriched with 50 mg/100 g and 100 mg/100 g calcium by adding
0.75 and 1.50 g/100 g milled dried poultry bone meal respectively. The LIBS setup consisted
of a CFR400 frequency doubled Nd:YAG laser (Quantel, Bozeman, Montana) which
operated at 532 nm and an echelle-type Aryelle 200 spectrometer (Lasertechnik Berlin,
Berlin, Germany) equipped with a 1024 X 1024 pixels CCD detector (Andor, Belfast, United
Kingdom). Due to the uneven surface and variation in sample composition, the actual spot
size, and hence laser irradiance, fluctuated. The spectral range was between 200 and 800 nm.
Reference values for Ca were measured using ICP-OES. Partial least square (PLS) modelling
was implemented to predict the calcium content of minced poultry meat. Results obtained
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concluded that LIBS can separate samples according to three calcium levels: very low (<20
mg/100 g Ca), intermediate (20-90 mg/100 g Ca), and high (>90 mg/100 g Ca).
In another study, Bilge et al. (2016c) utilized LIBS to identify different meat species
i.e. beef, pork and chicken. Meat mixtures of pork-beef and chicken-beef were also analysed.
Beef meat samples adulterated with pork and chicken were produced using minced meat. In
this quantitative study, chicken leg, pork round and beef round from three different animals
were used at known concentrations between 10% and 50% for adulteration. Minced meat
samples were dried, defatted and were ground into powder form using a laboratory mill (M20
Universal Mill, IKAWerke, Staufen, Germany). Finally, the powdered samples were sieved
using a 180-mesh screen and pelleted using a hydraulic press applying a pressure of 10 ton.
Inorganic compositions of meats were analysed using AAS as a reference method. LIBS
spectra were recorded using an Applied Spectra 50 mJ 1064 nm Nd:YAG laser (Fremont,
CA USA) and Applied Spectra 5 channel Aurora LIBS spectrometer (Fremont, CA USA).
All samples were analysed in triplicates. Data analyses were performed by using PCA and
PLS. PLS results showed good prediction ability for both pork adulterated beef and chicken
adulterated beef using different pre-processing techniques for de-nosing LIBS spectra. Both
these studies illustrated the potential of LIBS as an effective quality-monitoring tool for the
meat industry.
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Chapter 3 Materials and methods
3.1. Materials
3.1.1. NIR and HSI
Fresh striploin beef steaks were purchased from a local butcher's shop in Dublin city, one
day before each experiment (Figure 3.1).

Figure 3.1 Striploin beef steaks

3.1.2. LIBS
Fresh striploin beef steaks, beef liver and beef kidney were purchased from a local butcher's
shop in Dublin city, two days before each experiment.

3.2. Equipment and measurements
3.2.1. Multi-point Near-Infrared system
A MultiEye NIR system (Innopharma Labs, Ireland) with a wavelength range of 1500-2100
nm was used to collect the NIR data for the experiments illustrated in section 3.3 except for
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sub sections 3.3.4 and 3.3.6. The spectrophotometer is based on a Fabry-Perot interferometer
(VTT, Finland) and has four-measurement channels attached to four NIR fibre probes. These
features allow for simultaneous recording of four independent spectra in real-time and at
different locations of the manufacturing process. Most of the studies were conducted with
four fibre-optic reflectance probes (WF 400/440/470, Laser 2000 Ltd., UK) equipped with
collimators (Fiberdesign BV, The Netherlands), each with one arm attached to the
spectrophotometer and the other arm to the illumination source (Ocean Optics HL-2000-HPFHSA). It should be noted that Ocean Optics fibre-optic reflectance probes (Ocean Optics
QR400-7-VIS-BX) were used in the experiment illustrated in section 3.3.1. The system was
controlled by a computer equipped with spectral scanner software (VVT, Finland).
3.2.2. Beam-splitter incorporated multi-point Near-Infrared (NIR) system
A novel NIR system incorporated with beam splitter (Innopharma Labs, Ireland) with a
slightly broader wavelength range (1500-2295 nm) was used to collect the NIR data for the
experiment illustrated in section 3.3.4. The use of the beam splitter was to improve NIR
spectra acquired for the samples under motion. The schematic diagram of the multi-point
NIR spectrophotometer is illustrated in Figure 3.2. It consists of the following main parts:
four fibre bundles, shutter, beam-splitter, interferometer, filter and two detectors. Before the
NIR scan starts, the shutter automatically blocks off the reflected light going back through
the fibre bundles to the spectrophotometer and records the dark current followed by
measuring the reference material or sample. The spectrophotometer comprises of two
measurement arms. The primary measurement arm records the reflected light intensities
obtained either from the sample or reference material and based on these values the
absorbance spectra is produced. The second arm is the reference arm and is responsible for
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the baseline correction. This arm continuously monitors the light intensities at 1815 nm with
the use of a 92:8 beam splitter. The light travels through a filter with a 35 nm FWHM (Full
width at half maximum) band. The reference arm performs baseline corrections based on the
change in intensity of the reflected light at 1815 nm, which in turn arises due to changing
effective path lengths. The device provides an option to obtain spectra either with or without
baseline correction. The Studies were conducted with four fibre probes (WF 400/440/470,
Laser 2000 Ltd., UK) equipped with collimators (Fiberdesign BV, The Netherlands), each
one with one arm attached to the spectrophotometer and the other arm to the illumination
source (Ocean Optics HL-2000-HP-FHSA).

Figure 3.2 Beam-splitter incorporated NIR spectrophotometer

3.2.3. Spectral Measurements
The NIR reflectance spectra for the multi-point NIR system without beam-splitter and the
NIR system with beam splitter were obtained by applying Equation 5 to the recorded data
(reflected light by the samples).
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Equation 5

𝑹=

(𝑰 − 𝑰𝒅 )
(𝑰𝟎 − 𝑰𝒅 )

The Id and I0 variables stand for the dark and white references respectively. The dark signal
was obtained by scanning with the light blocked, and the white reference by recording the
spectrum of a 99% reflectance standard (FW-WCVisNIR-O2, Avian technologies LLC,
USA). The NIR reflectance spectra were changed to absorbance by applying Equation 6.
Equation 6

1
𝐴 = 𝑙𝑜𝑔 ( )
𝑅
The beam-splitter incorporated spectrophotometer also gave an option for obtaining baseline
corrected spectra based on the change in intensity of the reflected light at 1815 nm.
3.2.4. Configuration of the fibre probes
Figure 3.3 shows the four configurations used for different experiments: (a) four Ocean
Optics reflectance probes arranged in a square shape; (b) four Laser 2000 fibre probes
equipped with Fiberdesign collimators arranged in a square shape; (c) four Laser 2000 fibre
probes equipped with Fiberdesign collimators arranged parallel to each other at equal
distances and (d) four Laser 2000 fibre probes equipped with Fiberdesign collimators
arranged parallel to each other with two probes at one location and the other two at a different
location. For the first configuration, the four probes were setup to make a square of width
approx. 1 cm, perpendicular to the surface of the reference/samples, and at approximately a
1-2 mm distance. The scanning spot of the fibre optics was approx. 400 µm. The centre of
the dishes (diameter = 43 mm) containing the samples coincided with the centre of the
probes’ configuration. The second, third and fourth configuration with fibre probes (WF
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400/440/470, Laser 2000 Ltd., UK) equipped with collimators (Fiberdesign BV, The
Netherlands) allows stand-off distance up to ~ 5cm. For the second configuration, the fibre
probes equipped with collimators were setup to make a square of width approx. 2 cm,
perpendicular to the surface of the reference/samples, and at different stand-off distances of
approximately 1, 2.5 and 4 cm. In the third configuration, each probe was exposed to a
different sample and a different effective path length (1, 1.5 and 4 cm). Fourth configuration
involved two probes positioned to scan samples in static condition while the other two were
positioned to scan samples in motion.

Figure 3.3 Configurations of the probes used in different experiments.

3.2.5. Hyperspectral Imaging system
The pushbroom Hyperspectral Imaging system was used to conduct the experiment
illustrated in section 3.3.6 (Figure 3.4). The pushbroom configuration uses InGaAs (Indium
Gallium Arsenid) camera of 12 bits (Xeva 992, Xenics Infrared Solutions, Belgium) which
is sensitive in the NIR region and has sensor spatial and spectral dimensions of 320 x 256
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pixels respectively. An imaging spectrograph (ImSpector, N17E, Spectral Imaging Ltd.,
Finland) of a spectral range of 880–1720 nm with an increment of 7 nm between connecting
wavelengths, was attached to the camera yielding 121 spectral bands. A lens attached to the
front of the spectrograph that controls the resolution and field of view in the first spatial axis
(x) was optimized for the NIR range. In order to achieve sufficient light intensity for
reflection measurements in the NIR region, the sample was illuminated with two 500 W
halogen lamps (placed about 40 cm away from the sample being imaged).

Figure 3.4 Pushbroom Hyperspectral Imaging system

The system acquires an image line by line across the sample, yielding the 320 pixels
width of the sensor and the spectrograph disperses the spectra for each pixel of the line across
the other dimension of the sensor, yielding the 121 pixels in this direction (λ). The sample
was moved via a motorized transmission stage (MSA15R-N, AMTLinearways, SuperSlides
& Bushes Corp., India) at a constant speed of 14 mm/s below the camera with the aid of a
stepping motor (GPLDZTSA-1000-X, Zolix Instrument Co., China). The speed was
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precisely calculated to fit the predetermined camera integration time (10 ms) and scanning
frequency (48 frames per second) in order to provide a vertical resolution of 160 pixels. A
full 3-D hyperspectral image I(x,y,λ) called a ‘hypercube’ consisting of two spatial
dimensions I(x,y) and one spectral dimension I(λ) was produced in a band interleaved by
lines format by a computer supported with SpectralCube software.
3.2.6. Laser Induced breakdown spectroscopy system
A LIBSCAN 150 system (Applied Photonics Limited, Skipton North Yorkshire, United
Kingdom) was used to conduct the experiment illustrated in sections 3.3.7 and 3.3.8 (Figure
3.5). The LIBS system consisted of a Q-switched Nd:YAG laser (ultra, Quantel laser, 601
Haggerty Lane Bozeman, MT, USA) and a series of six spectrophotometers covering the
wavelength range of 185-904 nm. The experimental setup is shown in Figure 3.5. The head
incorporates a miniature CCD camera and 6 lens holders which collect plasma light of
different wavelength regions. The laser used for sample ablation had a pulse energy of 150
mJ and a pulse duration of 5 ns operating at 1064 nm. A repetition rate of 1 Hz was employed
along with a 1.27 μs gate delay and 1.1 ms integration time in Q-switched mode. The
spectrograph was externally triggered from the laser at every pulse with a delay generator.
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Figure 3.5 Schematic diagram of LIBS setup.

3.3. Experiments conducted for meat analysis
3.3.1. On-line monitoring using Ocean Optics fibre-optic reflectance probes
The aim of this study was to test the efficiency of multi-point NIR spectroscopy for
predicting fat content amongst other chemical traits such as moisture, protein and ash of
minced beef samples for static samples as well as samples under motion conditions with the
aid of chemometrics.
3.3.2. Evaluating collimator performance at high stand-off distances
The study aims at evaluating the performance of a collimator-probe setup in terms of the
reflected light signal received at different-stand-off distances in relation to spectral signatures
obtained for minced beef samples.
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3.3.3. Collimated light for predicting composition
The aim of this study was to test the ability of the NIR system fitted with a collimator to
predict fat content amongst other chemical traits in minced beef samples and at different
working distances, under static and motion conditions with the aid of chemometrics.
3.3.4. Integrating collimated light and beam splitting for real-time prediction
The main objective of this study was to test the potential of a novel multi-point NIR
spectrophotometer which incorporated a beam splitter and collimators to spatially predict fat,
moisture, protein and ash content in minced beef samples at varied path lengths, under static
and motion conditions. Moreover, this study also aims at comparing the spectral information
obtained when using the baseline correction setting compared to the information obtained
using a conventional approach.
3.3.5. Quantification of beef fat content simultaneously under static and motion
conditions
The main objective of the study was to demonstrate the flexibility and independency of
collimator fitted NIR probes to assess fat content in minced beef concurrently under both
static and motion conditions with the aid of chemometrics.
3.3.6. Identification and compositional quantification using Hyperspectral Imaging
The aim of this study was to test the potential of a laboratory-scale pushbroom Hyperspectral
Imaging system to differentiate and quantify minced beef samples on the basis of their
chemical composition.
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3.3.7. Quantification of trace element rubidium using Laser Induced breakdown
spectroscopy
The aim of this study was to evaluate the performance of LIBS coupled with chemometrics
to develop a quantification model for rubidium (Rb) in minced beef.
3.3.8. Quantification of sodium and potassium using LIBS: a potential technique for
detecting offal adulteration
There were two main objectives of this study: (a) utilize LIBS coupled with chemometrics
for quantification of Na and K in minced beef and (b) explore the potential of LIBS as a
novel technique to detect offal adulteration. Additionally, the study also aims at
demonstrating the ability of LIBS combined with an automated sample chamber to provide
spatial information of the elements Na and K in minced beef samples.

3.4. Data processing
3.4.1. NIR
Pre-processing and data analysis for raw spectral data were carried out using the R statistical
software (R Core Team, 2014). The spectral range to be used for the calculations was reduced
in order to avoid low signal-to-noise ratio observed at the end of the spectral data. Preprocessing techniques were applied to remove non-chemical biases from the spectral
information (Gowen et al., 2007; Nørgaard et al., 2005). Pre-processing techniques employed
were: Standard Normal Variate (SNV), Multiplicative Scatter Correction (MSC) and
Savitzky-Golay smoothing (see section 2.7.1 for further details). Once the data was preprocessed, the spectral average for the sample was calculated.
Data analysis was conducted by partial least squares (PLS) regression. PLS
regression was employed to develop prediction models for minced beef chemical
composition. These techniques are thoroughly explained in section 2.7.2. All PLS calibration
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models were built using the cross-validation method. Quality of the calibration models was
assessed with the following statistical indices: the root mean square error of cross validation
(RMSECV) and standard error of cross validation (SECV) for cross validating the model
within the calibration set along with corresponding values of both coefficients of
2
determination in calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
). Root mean square error of

prediction (RMSEP) and standard error of prediction (SEP) and the corresponding
coefficients of determination in prediction (𝑅𝑃2 ) were calculated in order to validate the model
with an independent sample set.
3.4.1. HSI
Image pre-processing and multivariate analysis was conducted using the R statistical
software (R Core Team, 2014). Image masking was applied in order to isolate the samples
from their background and from undesirable pixels which exhibit abnormal reflectance
values. The average spectra of the samples were extracted using the whole sample as a region
of interest and converted from reflectance values to absorbance values. Pre-processing
techniques used were; standard normal variate (SNV) transformation and Savitzky-Golay
smoothing
Multivariate analysis was conducted using techniques such as principal component
analysis (PCA) for qualitative analysis and partial least squares regression (PLSR) was
employed with the purpose of developing calibration models for quantitative predictions.
Quality of the models were assessed using the same statistical indices as for NIR analysis.
3.4.2. LIBS
Pre-processing and data analysis for raw spectral data were carried out using the R statistical
software (R Core Team, 2014) along with other in-house functions. Pre-processing
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techniques such as standard normal variate (SNV) transformation, mean-centring (Pořízka et
al., 2017) and normalization with highest individual spectrum (Castro and Pereira-Filho,
2016) were employed for removing non-linearities introduced by light scatter which can have
a considerable effect on the spectra (see section 2.7.1 for further details).
Data analysis was conducted by partial least squares (PLS) regression. PLS
regression was employed to develop prediction models for minerals such as sodium (Na),
potassium (K) and rubidium (Rb) as well as beef kidney adulteration in minced beef. PLSR
is thoroughly explained in section 2.7.2. All PLS calibration models were built using the
cross-validation method. Quality of the calibration models was assessed with the following
statistical indices: slope, intercept, the root mean square error of cross validation (RMSECV)
and standard error of cross validation (SECV) for cross validating the model within the
calibration set. Root mean square error of prediction (RMSEP), standard error of prediction
(SEP) and bias were calculated in order to validate the model with an independent sample
set. Spatial mineral maps of dried and pelleted minced beef samples were generated in R
based on predicted values using a false colour scheme, with each colour corresponding to a
different amount of particular mineral.
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Chapter 4 On-line
reflectance probes

monitoring

using

fibre-optic

4.1. Summary
This study evaluates the efficiency of multipoint Near Infrared (NIR) spectroscopy to predict
the chemical composition of fat trimmings mixed minced beef samples both in static and
motion conditions. Near Infrared (NIR) reflectance spectra of minced beef samples were
collected using a NIR spectrophotometer, employing a Fabry-Perot interferometer. Partial
least squares regression (PLSR) models based on reference values from proximate analysis
yielded calibration coefﬁcients of determination (𝑅𝑐2 ) in the range of 0.92-0.99 for fat,
moisture, protein and ash. All the models were found to have good prediction accuracy. For
an independent batch of samples, fat was estimated with a prediction coefﬁcient of
determination (𝑅𝑐2 ) of 0.87 and 0.93 for the samples in static and motion respectively.
Overall results from this study illustrates that multipoint NIR systems combined with
multivariate analysis has potential as a Process Analytical Technology (PAT) tool for
monitoring process parameters such as fat, moisture, protein and ash in the meat industry,
providing real-time spectral and spatial information.

4.2. Materials and methods
In order to ensure reproducibility of the results, the methodologies described in this section
were conducted in three independent batches, further on referred as batch 1, batch 2 and
batch 3.
4.2.1. Sample Preparation
Approximately 4.5 kg of fresh striploin beef sample steaks were collected on three different
days (1.5 kg for each batch) from a local butcher’s shop in Dublin city and transferred to the
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School of Food Science and Environmental Health in the Dublin Institute of Technology, for
immediate sample preparation and analysis. Sample collection on random days ensured
considerable bio-variation in the samples. The samples were selected on the basis of high
portion of fat beef trimmings.
On the day of collection, samples were carefully sliced in order to accurately separate the
lean from the fat beef trimmings using a knife and a wooden chopping board. The lean beef
samples, once cut into small cubes, were minced using an electric food processor, which was
carefully cleaned using an antibacterial washing liquid and properly dried with tissue paper
before each use. Beef fat trimmings were minced separately in the same manner as lean beef.
A total of fifty-four samples, each containing approximately 15 g of mixtures of minced lean
beef and minced fat beef trimmings ranging from 0 to 100% (w/w) in minced fat trimmings
content were prepared in increments of 20% (w/w) and in triplicates. The resulting mixture
was further minced in order to ensure homogeneity and placed in sealed disposable
aluminium dishes to be stored overnight at 4 °C for later compositional and spectroscopic
analysis ().

Figure 4.1 Minced beef samples
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4.2.2. Proximate analysis
Proximate analysis of the minced lean beef and minced fat beef trimmings samples were
carried out using standard methods of the AOAC (2000): moisture content (method 950.46),
fat (method 960.39), and ash (method 923.03); protein percentage were obtained by
difference as carbohydrates in beef samples are zero (Meza-Marquez et al., 2010). All the
analyses were performed in triplicates. Figure 4.2 shows the soxhlet apparatus used for fat
determination and the fat obtained in round flasks after evaporating petroleum ether.

Figure 4.2 Fat determination with soxhlet apparatus; (a) Running soxhlet apparatus, (b) Fat
obtained from beef fat trimmings and (c) Fat obtained from lean beef

4.2.3. NIR spectra acquisition
On the next day of sample preparation, samples were removed from storage at 4 °C and
allowed to reach room temperature before spectroscopic analysis. NIR reflectance spectra
were then collected at room temperature (~20°C) under ambient light, using a
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spectrophotometer based on a Fabry-Perot interferometer (VTT, Finland) with fourmeasurement channels and 4 reflectance fibre probes attached (Ocean Optics QR400-7-VISBX). Each reflectance probe consists of two arms; one arm attached to the spectrophotometer
(Innopharma Labs, Ireland) and the other arm to the illumination source (Ocean Optics HL2000-HP-FHSA). The tip of each probe consists of 7 fibres: 6 bundled with a circular
arrangement attached to the arm connected to the illumination source and the 7th fibre
(central) attached to the arm connected to the detection source. The wavelength range used
was 1515 to 2100 nm with 5 nm scanning intervals yielding 118 data points per spectrum.
The probes were placed at a distance of 2-3 mm from the sample and its surface was flattened
to reduce the impact of distance difference between the sample and the probes (Figure 4.3).
Measurements were first taken under static conditions and in a random order followed by the
same procedure under motion conditions with a controllable speed of 100 rpm (0.074 m/s).
The rotating motion was achieved with the aid of a small rotating device (TLD-TEC,
Germany). Measurements were performed with the 4 probes arranged in a square shape, set
perpendicular with the samples and cleaned regularly using acetone. The NIR
spectrophotometer was switched on for at least 1 hour before measurements in order to
ensure lamp stability. At the start of every sample measurement the system was calibrated
with dark current by occluding the light coming from the lamp with the help of a shutter;
followed by white reference measurements by recording the spectrum of a 99% reflectance
standard (FW-WCVisNIR-O2, Avian technologies LLC, Sunapee). For each sample,
measurements were taken at five different regions of the sample surface, acquiring 20
measurements per sample (4 probes by 5 replicates). Spectral acquisition and file conversion
from reflectance to absorbance values were performed operating the manufacturer’s software
(MultiEye Piezo, VTT, Finland).
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Figure 4.3 Fibre-optic probe configuration

4.2.4. Data analysis
Raw absorbance data was exported in .txt format and imported into R (R Core Team, 2014)
for further data pre-processing and multivariate analysis. As low signal-to-noise ratio could
be observed at the end of the spectral data, only the range of wavelengths from 1515 to 2000
nm was employed for the calculations. Initially, standard normal variate (SNV)
transformation and Savitzky-Golay smoothing were applied to remove the noise from the
acquired spectra. A Savitzky-Golay filter of order zero with a moving average window of 11
points was selected along with a polynomial of 3rd degree. The resulting processed data was
analysed and modelled using partial least squares regression (PLSR) with the purpose of
developing calibration models for predicting fat, moisture, protein and ash content, relevant
for quality purposes in a typical meat production line.
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The PLSR was conducted using the package “pls” in R. The procedure has two steps,
the first is the calibration and the second is the prediction that tests the calibration model
(Meza-Marquez et al., 2010).
The data acquired under static conditions for batch 1 and batch 2 (n = 36) was processed
together and was used to develop the calibration models. The data acquired from batch 3 (n
= 18) for both static as well as motion conditions was used as a validation sample set.
Calibration models were developed considering a cross validation approach using the leaveone-out method in order to avoid either over- or under-fitting of the model. PLS models
were created for moisture, fat, protein and ash content (Moreira et al., 2015). The best PLSR
models were chosen at the minimum values of both root mean square error of calibration
(RMSEC) and root mean square error in cross validation (RMSECV). The corresponding
2
values of both coefficients of determination in calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
)

were maximum for a best fitted model (Morsy and Sun, 2013). RMSEC and RMSECV were
calculated using the following equations:

Equation 7

(𝑦𝑐𝑎𝑙 − 𝑦𝑎𝑐𝑡 )2
√
𝑅𝑀𝑆𝐸𝐶 =
𝑁

Equation 8

(𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑎𝑐𝑡 )
𝑅𝑀𝑆𝐸𝐶𝑉 = √
𝑁
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2

Where N is the number of spectra in the calibration set, and yact, ycal and ypred are the
actual value, calculated value from the calibration model and predicted value by cross
validation, respectively.
Additionally, the limit of detection (LOD) for pseudo univariate calibration was estimated
according to IUPAC official recommendations and latest development in error-in-variables
theory for PLS calibration (Allegrini and Olivieri, 2014). LOD was calculated using the
following equation:
Equation 9
−1
𝐿𝑂𝐷𝑝𝑢 = 3.3 𝑠𝑝𝑢
= [(1 + ℎ𝑜 𝑚𝑖𝑛 + 1⁄𝐼 )𝑣𝑎𝑟𝑝𝑢 ]1⁄2

Where 𝑆𝑝𝑢 the slope of the pseudounivariate line, 𝑣𝑎𝑟𝑝𝑢 is the variance of the regression
residuals and ℎ0 𝑚𝑖𝑛 is calculated as follows:

Equation 10

ℎ0 𝑚𝑖𝑛 =

2
𝑦̅𝑐𝑎𝑙
∑𝐼𝑖=1 𝑦𝑖2

Where 𝑦̅𝑐𝑎𝑙 is the mean calibration concentration and 𝑦𝑖 is the centered concentration for
the ith calibration sample.

4.3. Results and discussion
4.3.1. Proximate analysis
Chemical analysis of moisture, fat, protein and ash for both lean beef and fat beef trimmings
were calculated and reported per batch in Table 4.1. Moisture, protein and fat were the major
components present, which therefore are expected to have an important contribution to the
corresponding spectrum from each sample. All results in Table 4.1 were in good agreement
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with those reported in the literature (ElMasry et al., 2013; Morsy and Sun, 2013). It should
be noted that uncertainty in protein percentage is related to the uncertainties of moisture, fat
and ash percentages.
Table 4.1 Chemical composition of minced lean beef and beef fat trimmings per independent
experiment (batch)
Beef portion

Batch

Batch1
Minced lean
beef

Batch2

Batch3

Batch1
Beef fat
trimmings

Batch2

Batch3

% Moisture

% Fat

% Ash

% Protein

73.32
(±0.04)
(73.28 – 73.35)
72.51
(±0.22)
(72.27 – 72.70)
72.67
(± 0.40)
(72.37 – 73.12)
12.78
(±0.58)
(12.22 – 13.38)
18.76
(±4.39)
(15.38 – 23.72)
23.57
(±0.41)
(23.22 – 24.02)

2.63
(±0.24)
(2.42 – 2.88)
3.26
(±0.17)
(3.06 – 3.38)
2.92
(±0.21)
(2.75 – 3.16)
83.92
(±0.41)
(83.55 – 84.35)
73.56
(±8.09)
(64.38 – 79.62)
65.73
(±1.25)
(64.29 – 66.49)

1.06
(±0.01)
(1.06 – 1.07)
1.06
(±0.01)
(1.05 – 1.06)
1.02
(±0.03)
(0.99 – 1.05)
0.26
(±0.08)
(0.18 – 0.33)
0.22
(±0.01)
(0.21 – 0.23)
0.27
(±0.04)
(0.23 – 0.31)

22.98
(±0.24)
(22.72 – 23.17)
23.17
(± 0.17)
(23.00 -23.34)
23.38
(±0.30)
(23.14 – 23.72)
3.04
(±0.48)
(2.72 – 3.60)
7.46
(±3.70)
(4.78 – 11.68)
10.43
(±0.90)
(9.80 – 11.46)

Standard deviation shown in brackets, preceded by the symbol ± (n=3). Numbers in brackets below
standard deviations correspond to the minimum and maximum values respectively.

4.3.2. NIR Spectra
The absorption bands observed in a NIR spectrum comprise of many general stretching
bonds, bending bonds and their combinations which are characteristics of some functional
chemical groups. The overall spectrum of minced beef samples illustrates the characteristic
peaks related to their chemical composition and therefore has the potential to identify the
chemical attributes. Although the fundamental vibrations of molecular bonds occur in the
mid-infrared region, the combination vibrations and higher energetic overtones can be
observed in the NIR region. The absorption in the NIR region is weaker than in the mid52

infrared by several orders of magnitude due to quantum mechanical selection rules, which
states that overtone vibrations are less likely to occur than fundamental vibrations
(Schonbrodt et al., 2006).
Figure 4.4 shows the SNV transformed and smoothed spectra of fat adulterated samples
both in static as well as in motion conditions. The variation between different fat levels is
clearly visible between the wavelength range of 1700-1800nm (Figure 4.4 a and b). The
absorption bands at 1716 and 1758 nm shows C-H first stretching tones, which are
characteristic of fat and fatty acids in samples and are in accordance with studies reported by
Morsy and Sun (2013), Hoving-Bolink et al. (2005) and Cozzolino et al. (2002). The
absorption band at 1448 nm is related to second O-H stretching overtone, characteristic of
the absorption of water and therefore moisture content in the samples (Ortiz-Somovilla et al.,
2007; Prieto et al., 2009a). The NIR spectrophotometer used for this study operates in the
wavelength range of 1515 to 2100 nm, however the end portion of the O-H stretching peak
is visible from 1515 to 1650 nm (Figure 4.4 a and b). The absorption band at 1690 nm is
associated with N-H overtones, which are related to protein content of the samples. It is
difficult to identify this band in the spectra as it is very close to the fat and water absorption
bands. C-H first overtone which exists between 1600 and 1800 nm, could be related to ash
content but it is difficult to recognize it by visual inspection (Bruun et al., 2010). The three
independent experiments reflect similar spectral features at the wavelength regions of
interest, hence overcoming the sample variability of independent batches.
The greater noise in the NIR spectra for motion condition (Figure 4.4 b) could be due to a
variation in the amount of diffused light entering the NIR probes which could be related to
height differences encountered by the probes while the samples were in motion.
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Figure 4.4 SNV transformed and smoothed NIR spectra of the minced beef samples: (a) Static
and (b) Motion (The arrow indicates the direction of increasing content of fat trimmings).

4.3.3. PLSR
Absorption bands in the NIR region are broad and heavily overlapped, being difficult to
distinguish the individual peaks through visual inspection (Cozzolino, 2015). To overcome
this, chemometric techniques such as PLSR have been used. The processed spectral data
from batch 1 and 2 were subjected to a PLSR multivariate analysis in order to obtain
calibration models which were then validated over the data obtained from batch 3 for both
static and motion conditions. PLSR analysis was used to find a mathematical relationship
between absorbance at different wavelengths and the chemical attributes: moisture, fat,
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protein and ash. The optimization of the calibration models were based on the lowest values
of RMSEC and RMSECV and the highest coefficient of determination for both calibration
2
(𝑅𝑐2 ) and cross validation (𝑅𝑐𝑣
) (Morsy and Sun, 2013).

PLS main loadings for the fat model are shown in Figure 4.5. The total variance explained
2
and 𝑅𝑐𝑣
with 2 PLS factors were 95.72% and 0.94 respectively. The first PLS factor describes

around 91% of the total variance and it includes the spectral range from 1700-1800 nm which
is characteristic of absorption bands associated with fatty acid composition which had the
greatest contribution to the loading values of the first PLS factor. Moreover, the second
factor, which explains only about 5% of the total variance, includes the spectral range from
1900-1950 nm which is associated with O-H stretching and O-H deformation at 1926 nm,
characteristic of moisture content in the sample. These are in agreement with other studies
conducted by Morsy and Sun (2013) and Tøgersen et al. (2003).

Figure 4.5 Loading plot for samples with respect to the fat model.

A summary of the PLS models (batch 1 and 2) containing coefficients of determination and
2
root mean square errors for both calibration (RMSEC, 𝑅𝑐2 ) and cross validation (RMSECV, 𝑅𝑐𝑣
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) along with LOD and the number of PLS components used for all the four models is shown
in Table 4.2. Root mean square errors for prediction (RMSEP) along with its coefficient of
determination (𝑅𝑝2 ) for the validation set (batch 3) in both static and motion conditions are
2
also included. Higher values of 𝑅𝑐2 and 𝑅𝑐𝑣
and lower values of RMSEC and RMSECV

confirms a good fit for the models (Table 4.2). PLSR model for fat showed a good fit with a
2
𝑅𝑐𝑣
of 0.96 and RMSECV of 5.32. Moisture, protein and ash models also showed reasonably
2
accurate fits with a 𝑅𝑐𝑣
of 0.97, 0.90 and 0.98 respectively and were in accordance with the

results reported by ElMasry et al. (2013), Tøgersen et al. (1999) and Isaksson et al. (1996).
The models were able to predict all four components with good accuracy. The 𝑅𝑝2 for all the
components except ash were better in motion condition when compared to static may be
because a greater surface area of the sample was scanned by the NIR probes, producing a
better representation of the sample composition. PLSR models developed were based on
independent batches which ensures their robustness. Thus, the RMSEPs and corresponding
value of 𝑅𝑝2 obtained were more practical which can be channelled to a real-time industrial
scenario.

Table 4.2 Performance of PLSR models in predicting the chemical composition of the test
data set (batch 3) in static as well as motion conditions
Attribute
Fat
Moisture
Protein
Ash

No. of
components
3
4
2
4

𝑅𝑐2
0.97
0.98
0.92
0.99

RMSEC
4.23
2.67
1.74
0.03

Calibration
2
RMSECV
𝑅𝑐𝑣
0.96
5.32
0.97
3.30
0.90
1.99
0.98
0.04
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LOD
15.27
9.89
6.69
0.11

𝑅𝑝2
0.87
0.89
0.66
0.91

Static
RMSEP
7.70
5.52
2.59
0.08

Motion
𝑅𝑝2 RMSEP
0.93
5.60
0.93
4.39
0.92
1.23
0.70
0.14

Figure 4.6 and 4.7 show the relationship between the measured and predicted values
for fat, moisture, protein and ash for the independent batch 3 by the PLSR approach. In static
condition fat was well predicted with a 𝑅𝑝2 of 0.87 (Figure 4.6 a) along with moisture, protein
and ash yielding a 𝑅𝑝2 of 0.89, 0.66 and 0.91 respectively (Figure 4.6 c and Figure 4.7 a and
c). In motion conditions, the best predictions obtained were for fat and moisture (0.93 in both
cases) although the prediction error for fat was greater (Figure 4.6 b and d). The variability
in the composition of independent batches could be a possible reason for the prediction errors
observed while estimating fat and moisture both in static and motion conditions. Protein also
showed good prediction accuracy with a 𝑅𝑝2 = 0.92 (Figure 4.7 b). It is evident from Figure
4.7 d that the predicted values of ash have a bias and it could be attributed to external factors
mentioned in the section 2.6.1.
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Figure 4.6 Prediction plots for the independent batch 3 in static and motion conditions for: (a)
Fat-static, (b) Fat-motion, (c) Moisture-static and (d) Moisture-motion.
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Figure 4.7 Prediction plots for the independent batch 3 in static and motion conditions for: (a)
Protein-static, (b) Protein-motion, (c) Ash-static and (d) Ash-motion.

4.4. Conclusions
The results from the present study confirms that multi-point NIR system combined with
multivariate analysis is a fast and reliable technique to predict the chemical composition of
fat adulterated minced beef samples both in static and motion conditions. The performance
of PLSR models when applied to the independent batch 3 were found to be reasonably
accurate with high coefficients of determination (𝑅𝑝2 ) and low root mean square errors
(RMSEP). Predictions in motion condition produced better results than static may be because
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a larger scanning area was encountered by the NIR probes which in turn provided a better
representation of the sample composition.
Multi-point NIR spectroscopy helps overcome the limitation of representative
measurements found when using single point measurements for heterogeneous samples such
as meats. Since the equipment consists of four probes at different points; spatial information
can be obtained using this technique from random unequally spaced locations (noncontiguous) providing advantages over Hyperspectral Imaging. It can be concluded from the
overall results that NIR spectrophotometry has considerable prospects for performing in-line
monitoring of food products. In order to use the system for practical applications, prediction
errors can be reduced with larger batch size as well as more number of probes providing
robust calibration models.
Multi-point NIR spectroscopy holds great potential for the food industry with the provision
of spectral and spatial information under real-time conditions.
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Chapter 5 Evaluating collimator performance at high
stand-off distances
5.1. Summary
Current NIR systems essentially use a tungsten halogen lamp as a light source (Bakeev,
2010). Acquiring a good NIR reflectance spectra requires proper illumination of the sample
and sufficient amount of diffusively reflected light reaching the detector. In the case of NIR
spectrophotometers when employing fibre-optic probes it is important to minimize the loss
of incident and reflected light travelling through the fibres in order to attain a good signal.
Loss of light when it travels through one end of the fibre to the other is termed attenuation.
Attenuation is affected by various factors such as absorption, scattering, dispersion and
bending. Absorption is largely related to the fibre material while bending occurs due to
physical stress on the fibre. Temperature and humidity also affects the fibre performance
depending on the material. The amount of diffusively reflected light from the sample going
back to the detector largely depends on the distance between the sample and the probe (standoff) and the fibre-optic material. A typical fibre-optic reflectance probe works at stand-off
distances in the range of millimetres (Pullanagari et al., 2015; Srivichien et al., 2015). The
use of collimators allow stand-off distances in the range of centimetres and thus enhances
the non-contact nature of the technology (Dixit et al., 2016). The current study aims at
evaluating the performance of a collimator-probe setup in terms of the reflected light signal
received at different stand-off distances in relation to spectral signatures obtained for a
calibration standard and minced beef samples.
Some of the work described in this chapter has been published as peer reviewed article in the
NIR news, 2016, 27 (4), 14-16.
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5.2. Materials and methods
5.2.1. Light source, fibres and collimators
A 20 W halogen lamp (Ocean Optics HL-2000-HP-FHSA) was used as an illumination
source. Two different fibre-optic setups were evaluated and compared. A fibre-optic
reflectance probe (Ocean Optics QR400-7-VIS-BX) and a second reflectance fibre probe
(WF 400/440/470, Laser 2000 Ltd., UK) attached to a collimating lens (Fiberdesign B.V.,
the Netherlands) were employed. Both fibre-optics consist of two arms: one arm attached to
the spectrophotometer (Innopharma Labs, Ireland) and the other arm to the illumination
source (Ocean Optics HL-2000-HP-FHSA). Each probe consists of 7 fibres: 6 bundled in a
circular arrangement attached to the arm connected to the illumination source and the 7th
fibre (central) attached to the arm connected to the detection source. The NIR
spectrophotometer operated at the wavelength range of 1515-2100 nm. A power and energy
meter (Thorlabs Inc PM100USB) along with a photodiode sensor (Thorlabs Inc S122C) was
used to evaluate the intensity of the incident light travelling down the central receiver fibre
for both setups at different stand-off distances.
5.2.2. Measurement of receiver signal
Measurements for diffusively reflected light (receiver signal) were performed by placing a
99% reflectance standard (FW-WCVisNIR-O2, Avian technologies LLC, Sunapee) at
different stand-off distances from the fibre-optic probe (0.2 and 1.2 cm) and collimator-probe
setup (0.2-5.2 cm). Initially, dark current was measured. The reflected light was measured
by placing the photodiode power sensor at the end of the fibre bundle which attaches to the
spectrophotometer for both setups. A total of 250 readings were obtained for each
measurement and averaged.
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5.2.3. Preparation of minced beef samples
Sample preparation was performed following the methodology described in section 4.2.1.
Briefly, two samples were prepared; one of pure beef fat trimming and the other with 80%
fat trimmings proportion (w/w) mixed with lean beef.
5.2.4. NIR spectra acquisition
Firstly, NIR reflectance spectra for the calibration standard (WC-FW-VisNIR-02, Avian
technologies LLC, Sunapee) was collected at different stand-off distances (0, 1, 2, 3, 4 and
5 cm). On the next day of sample preparation, samples were removed from storage at 4 °C
and allowed to reach room temperature before spectroscopic analysis. NIR reflectance
spectra were then collected at room temperature (~20°C) and under ambient light, using a
spectrophotometer based on a Fabry-Perot interferometer (VTT, Finland) with fourmeasurement channels and 4 reflectance fibre probes (WF 400/440/470, Laser 2000 Ltd.,
UK) attached to 4 collimating lenses (Fiberdesign B.V., the Netherlands). Each reflectance
probe consists of two arms; one arm attached to the spectrophotometer (Innopharma Labs,
Ireland) and the other arm to the illumination source (Ocean Optics HL-2000-HP-FHSA).
The tip of each probe consists of 7 fibres; 6 bundled in a circular arrangement attached to the
arm connected to the illumination source and the 7th fibre (central) attached to the arm
connected to the detection source. The wavelength range used was 1515 to 2100 nm with 5
nm scanning intervals yielding 118 data points per spectrum. The collimator fitted probes
were placed at three different distances from the sample; 1, 2.5 and 4 cm and the sample’s
surface was flattened to reduce the impact of distance difference between the sample and the
probes. Measurements were performed with the 4 collimating probes arranged in a square
shape, set perpendicular to the samples and cleaned regularly using acetone. The NIR
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spectrophotometer was switched on for at least 1 hour before measurements in order to
ensure lamp stability. At the start of every sample measurement the system was calibrated
for dark current by blocking the light with the aid of a shutter; followed by white reference
measurements by recording the spectrum of a 99% reflectance standard (FW-WCVisNIRO2, Avian technologies LLC, Sunapee). For each sample, measurements were taken at five
different regions of the sample surface, acquiring 20 measurements per sample (4 collimating
probes by 5 sample locations). Spectral acquisition and file conversion from reflectance to
absorbance values were performed operating the manufacturer’s software (MultiEye Piezo,
VTT, Finland).
5.2.5. Data pre-processing
Raw absorbance data was exported in .txt format and imported into R (R Core Team, 2014)
for data pre-processing. As low signal-to-noise ratio could be observed at the end of the
spectral data, only the range of wavelengths from 1515 to 2000 nm was employed for the
calculations. Standard normal variate (SNV) transformation and Savitzky-Golay smoothing
were applied to remove the noise from the acquired spectra. A Savitzky-Golay filter of order
zero with a moving average window of 11 points was selected along with a polynomial of
3rd degree. The resulting SNV transformed and Savitzky-Golay smoothed spectra was plotted
as a graph.

5.3. Results and discussion
5.3.1. Receiver signal
Figure 5.1 shows the signal received by the photodiode sensor at different stand-off distances
for both setups. It is evident that the intensity of the signal received is higher for the fibreoptic reflectance probe than for the collimator-probe setup at a distance of 0.2 cm, which
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could be attributed to the reason that it is specifically designed to work at this stand-off
distance (Samanta et al., 2013). However, it can be seen that the collimator-probe setup
works better from a stand-off distance of 1.2 cm. Additionally, the collimator-probe setup
was able to receive sufficient signal even at a stand-off distance of 5 cm, which could be
attributed to the reason that light was collimated on to the 99% reflectance standard. It can
be concluded from the results that, it is better to use the fibre-optic reflectance probe when
the required stand-off distance is in the range of ~ 0.2 cm. However, in an industrial scenario
it is important to have high stand-off distances which could be achieved with a collimatorprobe setup.

Fibre-optic reflectance probe

Collimator-probe arrangement

8.00

Amplitude (μw)

7.00
6.00
5.00
4.00

3.00
2.00
1.00
0.00
0.20

1.20

2.20

3.20

4.20

5.20

Stand-off distance (cm)

Figure 5.1 Receiver signal

5.3.2. Calibration standard spectra obtained with a collimator-probe setup at different
stand-off distances
Figure 5.2 shows the NIR spectrum of a calibration standard (WC-FW-VisNIR-02, Avian
technologies LLC, Sunapee) along with the spectra obtained with the collimator-probe setup
at different stand-off distances. Each spectrum follows the pattern of the standard spectrum,
which illustrates the high quality of the NIR spectrophotometer equipped with a collimator65

probe setup. It can be observed that as the stand-off distance increases, the amount of
absorbance decreases, which could be related to lower receiver signals at higher stand-off
distances. However, it is evident from the Figure 5.3 that a high signal-to-noise ratio (SNR)
was obtained even at a stand-off distance of 5 cm. The ability of the setup to work at high
stand-off distances illustrates great potential for this NIR system to be used for on/in-line
quality monitoring in a food manufacturing facility.
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Figure 5.2 Spectrum at different stand-off distances vs reference spectrum
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Figure 5.3 SNR of spectrum at various stand-off distances

5.3.3. Spectra of minced beef samples at different stand-off distances using collimatorprobe setup
Figure 5.4 shows the SNV transformed and Savtizky-Golay smoothed spectra of minced pure
beef fat trimmings and 80% fat trimmings proportions (w/w) mixed with lean beef at
different stand-off distances (1, 2.5 and 4 cm). The variation between the two fat levels is
clearly visible between the wavelength ranges of 1700-1800 nm. The C–H first overtone
absorption bands can be observed at 1728 and 1764 nm, which are associated with fat content
in samples (Barlocco et al., 2006). Each spectrum for two fat levels showed similar spectral
features respectively, regardless of the different stand-off distances. It could be related to the
stability of receiver signal obtained for collimator-probe setup for different stand-off
distances as shown in
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Figure 5.1. Overall, the results illustrated the ability of the NIR spectrophotometer to operate
efficiently at higher measuring distances with the aid of collimators.

Figure 5.4 SNV transformed and smoothed NIR spectra of the minced beef samples at
distances of 1, 2.5 and 4 cm (The arrow indicates the direction of increasing content of fat
trimmings).

5.4. Conclusions
The results from the study confirmed that a collimator-probe setup has the potential to allow
NIR measurements with stand-off distances up to 5 cm. Spectral signatures obtained for the
calibration standard at different stand-off distances using collimators confirmed high signalto-noise ratio for high stand-off distances. Spectra obtained for beef samples at different
stand-off distances illustrated its successful application for meat compositional analysis.
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Overall it could be concluded that the use of collimators shows potential for the use of this
NIR system in an industrial environment for rapid on/in-line quality monitoring.
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Chapter 6 Collimated light for predicting composition
6.1. Summary
This study evaluates the efficacy of collimated light and multipoint NIR (Near Infrared)
spectroscopy as a rapid, non-destructive and non-contact technique to estimate fat, moisture,
protein and ash content of minced beef samples at different measuring distances. A
multipoint NIR spectrophotometer, based on a Fabry-Perot interferometer (MultiEye,
InnoPharma Labs, Ireland) was used to collect NIR reflectance spectra at three standoff
measuring distances (1, 2.5 and 4 cm) from the sample. Measurements were taken in static
and rotational motion modes. Prediction models were built using partial least squares
regression (PLSR) from the spectral response and proximate analysis. The models for fat
content yielded calibration coefﬁcients of determination (𝑅𝑐2 ) in the range of 0.96-0.99 with
root mean square errors of calibration (RMSEC) in the range of 0.02-4.25 for the three
working distances. Good predictions were obtained with root mean square errors of
prediction (RMSEP) in the range of 0.03-5.67. Similar results were obtained for the other
chemical attributes. Overall results showed good prediction accuracy for all the models. This
study demonstrates the ability of multipoint NIR spectroscopy, combined with
chemometrics, to predict minced beef composition at increased measuring distances with the
aid of collimators.
Some of the work described in this chapter has been published as peer reviewed article in the
Journal of Food Engineering 175, 58-64.
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6.2. Material and methods
The procedures explained in this section were conducted in three independent batches on
random days to ensure reproducibility of the results. These batches will be referred to as
batch1, batch 2 and batch 3.
6.2.1. Sample Preparation
Sample preparation was performed following the methodology described in section 4.2.1.
Briefly, fifty-four minced samples ranging from 0 to 100% (w/w) in fat trimmings content
were prepared in increments of 20% (w/w) and in triplicates.
6.2.2. Proximate analysis
Standard methods of the AOAC (2000) were used for determining moisture content (method
950.46), fat (method 960.39), and ash (method 923.03) of the pure lean meat and pure fat
beef trimmings samples; protein content was obtained by subtraction as carbohydrates in
beef samples are zero (Meza-Marquez et al., 2010). All analyses were performed in
triplicates.
6.2.3. NIR spectra acquisition
NIR spectra were acquired following the methodology described in section 4.2.3. Four
reflectance fibre probes (WF 400/440/470, Laser 2000 Ltd., UK) attached to four collimating
lenses (Fiberdesign B.V., the Netherlands) were used. Internal configuration of reflectance
fibre probes was similar to those mentioned in section 4.2.3. Spectra were collected in both
static and motion conditions. The collimator fitted probes were placed at three different
distances from the sample; 1, 2.5 and 4 cm and the sample’s surface was flattened to reduce
the impact of distance difference between the sample and the probes. Measurements were
first taken under static conditions in a random order, followed by the same procedure under
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two different rotating motion conditions; 100 rpm (0.074 m/s) and 210 rpm (0.156 m/s);
further on referred to as slow and fast motion conditions respectively (Figure 6.1). The
rotating motion was achieved with the aid of a small rotating device (TLD-TEC, Germany).
Measurements were performed with the 4 collimating probes arranged in a square shape, set
perpendicular to the samples and cleaned regularly using acetone. The NIR
spectrophotometer was switched on for at least 1 hour before measurements in order to
ensure lamp stability. Dark current, white reference and sample measurements were
performed following the methodology described in section 4.2.3.

Figure 6.1 Collimator-probe setup

6.2.4. Data analysis
Data pre-processing and multivariate analysis were performed following the methodology
described in section 4.2.4. Briefly, pre-processing techniques such as standard normal variate
(SNV) transformation, Savitzky-Golay smoothing, multiplicative scattering correction
(MSC), 1st order derivative, 2nd order derivative and a combination of SNV transformation
and Savitzky-Golay smoothing were applied and compared in order to remove noise from
the acquired spectra. The processed data obtained was analysed and modelled using partial
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least squares regression (PLSR) for predicting fat, moisture, protein and ash content, which
are considered key factors when monitoring manufacturing processes in a typical meat
production line.
In order to develop the calibration models, processed data acquired under static
conditions for batch 1 and batch 2 were used, along with their compositional reference values
extracted from the proximate analysis. The data acquired from batch 3 for static as well as
for slow and fast motion conditions, along with their compositional reference values, were
used as a validation sample set. The method of leave-one-out was used for cross validation
while developing the calibration models in order to avoid either over- or under-fitting of the
models. Models were developed for moisture, fat, protein and ash content (Moreira et al.,
2015). The selection of the best PLSR models were based on the minimum values of both
root mean square error of calibration (RMSEC) and root mean square error in cross
validation (RMSECV). The corresponding values of both coefficients of determination in
2
calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
) were maximum for best fitted models

(Barlocco et al., 2006; Morsy and Sun, 2013). The prediction accuracy of the developed
calibration models is measured by calculating the root mean square error of prediction
(RMSEP) and the corresponding coefficients of determination in prediction (𝑅𝑃2 ) (Tao et al.,
2015). RMSEP is calculated as follows:
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Equation 11
𝒏𝒑

𝟏
̂ 𝒊 − 𝒚𝒊 ) 𝟐
𝑹𝑴𝑺𝑬𝑷 = √ ∑(𝒚
𝒏𝒑
𝒊=𝟏

Where ŷi is the predicted value of the i-th observation; yi is the measured value of the i-th
observation; and np is the number of observations in the prediction set.
Additionally, the limit of detection (LOD) for pseudo univariate calibration was estimated
according to IUPAC official recommendations and latest development in error-in-variables
theory for PLS calibration (Allegrini and Olivieri, 2014).

6.3. Results
6.3.1. Proximate analysis
Results of the proximate analysis are summarized in Table 6.1. The major components
present in the samples were moisture, protein and fat and therefore are expected to have an
important contribution to the corresponding spectrum from each sample. The results shown
in Table 6.1 were in good agreement with those reported in the literature (Dzudie et al., 2004;
Dzudie et al., 2002; ElMasry et al., 2013; Morsy and Sun, 2013). The variation in
composition of the independent batches adds robustness and accuracy to the calibration
models. Samples were analysed in the same laboratory using the same analytical balance.
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Table 6.1 Chemical composition of minced lean beef and fat beef trimmings.
Beef
portion

% Moisture

% Fat

% Ash

% Protein

Minced
lean beef

73.19
(± 0.61)
(72.56 – 73.77)
13.14
(± 5.57)
(8.18-19.17)

3.62
(± 0.68)
(2.83-4.05)
85.33
(± 5.20)
(79.50-89.50)

1.05
(± 0.01)
(1.04-1.07)
0.16
(± 0.07)
(0.10-0.23)

22.14
(± 0.35)
(21.74-22.35)
1.37
(± 0.76)
(0.78-2.23)

Beef fat
trimmings

Standard deviation shown in brackets, preceded by the symbol ± (n=3). Numbers in brackets below
standard deviations correspond to the minimum and maximum values respectively.

6.3.2. Spectral analysis
Figure 6.2 illustrates the SNV transformed and Savitzky-Golay smoothed spectral features
of minced beef samples for static, slow and fast motion conditions at three different distances
of the collimator-probe from the sample (1, 2.5 and 4 cm). The pre-processed spectra
obtained for all three independent batches showed the various important peaks related to
chemical composition of minced beef samples. Moreover, all the graphs showed similar
spectral features regardless of the different distance-speed combinations, which in turn
confirm the ability of NIR system to operate efficiently at higher measuring distances (max.
4 cm) with the aid of collimators. The absorption band related to fat is evident between 17001800 nm and it clearly distinguishes the samples based on fat trimmings content. The
absorption band observed at 1728 and 1764 nm are related to C-H first overtones, which are
associated with fat content in the samples and are in confirmation with the previous studies.
The absorption bands at 1440 and 1940 nm are associated with O-H first and second
overtones and thus indicate water content in the samples (Barlocco et al., 2006; Cozzolino et
al., 2002; ElMasry et al., 2013; Hoving-Bolink et al., 2005; Morsy and Sun, 2013; OrtizSomovilla et al., 2007; Prieto et al., 2009a). The NIR spectrophotometer used in the current
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study operates at a wavelength range of 1500-2100 nm, the tail portion of the O-H stretching
absorption band at 1440 nm can be observed between 1515 and1650 nm. The absorption
band at 1690 nm is associated with N-H overtones, which are related to protein content of
the samples. It is difficult to identify this band in the spectra as it is very close to the fat and
water absorption bands. Moreover, the bands in the NIR region are very broad and highly
overlapped which makes it more difficult to distinguish them visually (Cozzolino, 2015;
ElMasry et al., 2013; Park et al., 2001; Prieto et al., 2008).

Figure 6.2 SNV transformed and smoothed NIR spectra of the minced beef samples in static,
slow and fast motion conditions at collimator distances of 1, 2.5 and 4 cm; (a) Static-1cm, (b)
Static-2.5cm, (c) Static-4cm, (d) Slow-1cm, (e) Slow-2.5cm, (f) Slow-4cm, (g) Fast-1cm, (h)
Fast-2.5cm and (i) Fast-4cm (The arrow indicates the direction of increasing content of fat
trimmings).
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6.3.3. Multivariate data analysis
In the past few years, various chemometric techniques have been used to extract useful
information from the NIR spectra of different meats (Bajwa et al., 2009; ElMasry et al., 2012,
2013; Kamruzzaman et al., 2013; Morsy and Sun, 2013). In the current study, PLSR was
performed on pre-processed NIR data in order to develop predictive models for fat, moisture,
protein and ash content.
Ash content is not NIR active and thus does not produce any absorption bands; however,
PLSR indirectly predicts the ash content as all remaining components (fat, moisture and
protein) are NIR active. The data from batch 3 for static, slow and fast motion were used as
validation sets. All pre-processing techniques generated similar calibration models (Table
6.2, 6.3, 6.4 and 6.5); however, best results were obtained from pre-processed data using a
combination of SNV transformation and Savitzky-Golay smoothing, therefore, the following
sections will focus on the data obtained using the mentioned pre-treatment.
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Table 6.2 Developed PLSR calibration models for fat from raw spectra and also using different Pre-processing techniques
Collimator
distance

Calibration

1

R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV

2.5
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4

Raw
spectra
0.98
3.63
0.98
4.56
0.99
3.46
0.98
4.44
0.97
5.12
0.94
6.84

SNV
0.99
2.51
0.99
3.55
0.99
2.44
0.99
3.50
0.98
3.77
0.95
6.44

* 4 PLS components were used to build calibration models.

Pre-processing Technique
Savitzky-Golay
MSC
1st order
(n = 11)
derivative
0.98
0.96
0.98
3.68
5.63
4.09
0.98
0.91
0.96
4.53
8.66
5.98
0.99
0.96
0.98
3.55
5.44
4.24
0.98
0.89
0.96
4.44
9.40
5.71
0.97
0.97
0.96
5.31
4.96
5.47
0.94
0.90
0.92
6.85
9.29
8.33

2nd order
derivative
0.97
4.99
0.94
6.95
0.97
4.97
0.95
6.61
0.95
6.57
0.87
10.33

Savitzky-Golay (n
= 11) and SNV
0.99
2.60
0.99
3.50
0.99
2.61
0.99
3.47
0.98
4.25
0.95
6.54

Table 6.3 Developed PLSR calibration models for moisture from raw spectra and also using different Pre-processing techniques.
Collimator
distance

Calibration

1

R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV

2.5

4
79

Raw
spectra
0.99
2.41
0.98
3.03
0.99
2.34
0.98
3.02
0.97
3.47
0.95
4.61

SNV
0.99
1.65
0.99
2.33
0.99
1.57
0.99
2.26
0.99
2.60
0.96
4.42

* 4 PLS components were used to build calibration models.

Pre-processing Technique
Savitzky-Golay
MSC
1st order
(n = 11)
derivative
0.99
0.97
0.98
3.39
2.44
3.89
0.95
0.98
0.92
4.90
3.02
6.09
0.99
0.97
0.97
2.40
3.79
3.53
0.98
0.91
0.95
3.02
6.64
4.86
0.97
0.97
0.96
3.60
3.47
4.44
0.95
0.91
0.90
4.63
6.49
6.72

2nd order
derivative
0.97
4.02
0.93
5.66
0.96
4.10
0.94
5.46
0.94
5.31
0.85
8.22

Savitzky-Golay (n
= 11) and SNV
0.99
1.73
0.98
2.32
0.99
1.69
0.99
2.25
0.98
2.90
0.96
4.49

Table 6.4 Developed PLSR calibration models for protein from raw spectra and also using different Pre-processing techniques.
Collimator
distance

Calibration

1

R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV

2.5

4
80

Raw
spectra
0.97
1.21
0.96
1.50
0.98
1.12
0.96
1.42
0.95
1.62
0.90
2.21

SNV
0.98
0.95
0.97
1.31
0.98
0.97
0.96
1.36
0.97
1.17
0.91
2.16

* 4 PLS components were used to build calibration models.

Pre-processing Technique
Savitzky-Golay
MSC
1st order
(n = 11)
derivative
0.97
0.94
0.99
1.22
1.70
0.72
0.96
0.88
0.98
1.49
2.52
1.06
0.97
0.95
0.99
1.15
1.65
0.67
0.96
0.85
0.99
1.42
2.72
0.87
0.94
0.96
0.98
1.68
1.48
0.98
0.91
0.85
0.95
2.20
2.74
1.56

2nd order
derivative
0.98
0.95
0.97
1.30
0.99
0.86
0.97
1.17
0.97
1.21
0.92
2.02

Savitzky-Golay (n
= 11) and SNV
0.98
0.96
0.97
1.29
0.98
1.02
0.97
1.33
0.96
1.36
0.91
2.19

Table 6.5 Developed PLSR calibration models for ash from raw spectra and also using different Pre-processing techniques.
Collimator
distance

Calibration

1

R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV
R2c
RMSEC
R2cv
RMSECV

2.5

4
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Raw
spectra
0.99
0.04
0.98
0.04
0.99
0.03
0.98
0.04
0.97
0.05
0.96
0.07

SNV
0.99
0.02
0.99
0.03
0.99
0.02
0.99
0.03
0.99
0.04
0.96
0.06

* 4 PLS components were used to build calibration models.

Pre-processing Technique
Savitzky_Golay
MSC
1st order
(n = 11)
derivative
0.99
0.97
0.98
0.04
0.06
0.05
0.98
0.92
0.95
0.04
0.09
0.07
0.99
0.97
0.97
0.03
0.06
0.05
0.98
0.90
0.95
0.04
0.10
0.07
0.97
0.97
0.96
0.05
0.05
0.07
0.96
0.91
0.91
0.07
0.10
0.10

2nd order
derivative
0.97
0.06
0.93
0.08
0.96
0.06
0.94
0.08
0.94
0.08
0.86
0.12

Savitzky-Golay (n
= 11) and SNV
0.99
0.02
0.99
0.03
0.99
0.02
0.99
0.03
0.98
0.04
0.96
0.06

6.3.4. PLS loadings plot
Figure 6.3 illustrates the main PLS loadings plot for the fat model at a collimator-probe
distance of 4 cm. The two main PLS factors explained almost 92% of the total variance with
2
a 𝑅𝑐𝑣
of 0.96. Approximately 86% of the total variance was explained by the first PLS factor

which includes the absorption peaks at 1728 and 1768 nm, associated with fat content in
minced beef samples. The first PLS factor also had the greatest contribution to the loading
values. The second factor explains about 6% of the total variance; however, it includes the
tail portion of the absorption peak at 1450 nm and also the peak at 1950 nm, associated with
moisture content of samples. Hence, the PLS loadings plot was able to represent the
absorption peaks related to composition of the samples with a good accuracy even at the
measuring distance of 4 cm. Similarly, the main PLS loadings were observed for fat models
at other collimator-probe distances (1 and 2.5 cm). All these results were in accordance with
studies conducted by ElMasry et al. (2013) and Morsy and Sun (2013).

Figure 6.3 PLS main loadings plot for samples with respect to the fat model at a collimatorprobe distance of 4 cm.
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6.3.5. Development of the calibration model
Table 6.6 shows performance summary of twelve PLSR models, containing the coefficients
of determination and root mean square errors for calibration (RMSEC, 𝑅𝑐2 ) and cross
2
validation (RMSECV, 𝑅𝑐𝑣
), along with LOD and the number of PLS components used. It also

includes the coefficients of determination and root mean square errors for prediction
(RMSEP, 𝑅𝑝2 ) for the validation set in static, slow and fast motion conditions. All the PLSR
2
models showed very good fit, indicated by the high values of 𝑅𝑐𝑣
in the range of 0.91-0.99

using 4 PLS components for each chemical attribute (Table 6.6). The models for fat at all
2
three collimator distances fitted well with a 𝑅𝑐𝑣
of 0.99, 0.99 and 0.95 for 1, 2.5 and 4 cm
2
respectively. Similarly, the protein models showed a very good fit with a 𝑅𝑐𝑣
of 0.99, 0.99

and 0.96 for 1, 2.5 and 4 cm respectively, followed by similar values for ash and moisture.
Moreover, the RMSECV for all the models were in the range of 0.06-6.54. Overall results
were in confirmation with studies carried out by ElMasry et al. (2013). A higher RMSECV
for fat (6.54) and moisture (6.43) at a collimator distance of 4 cm may be attributed to the
loss of diffused-reflected light reaching the probes situated at higher distances. SEC
(standard error of calibration), SECV (standard error of cross validation) and SEP (standard
error of prediction) were also calculated (Table 6.7). It was observed that the calculated bias
was very low for both calibration and validation and hence it did not affect the overall results.
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Table 6.6 Performance of PLSR models in predicting the chemical composition of the test data set in static as well as slow and fast motion
conditions.
Attribute

Fat

Moisture
84
Protein

Ash

Collimator
distance
(cm)

Calibration
𝑅𝑐2

RMSEC

2
𝑅𝑐𝑣

RMSECV

LOD

𝑅𝑝2

RMSEP

𝑅𝑝2

RMSEP

𝑅𝑝2

RMSEP

1

0.99

2.60

0.99

3.50

9.28

0.98

3.17

0.99

3.11

0.99

2.79

2.5

0.99

2.61

0.99

3.47

9.33

0.97

4.10

0.98

3.33

0.98

3.49

4

0.98

4.25

0.95

6.54

15.28

0.96

5.35

0.98

3.53

0.95

5.67

1

0.99

1.73

0.98

2.32

6.26

0.98

2.82

0.98

2.76

0.98

2.75

2.5

0.99

1.69

0.99

2.25

6.13

0.96

3.74

0.97

3.28

0.97

3.45

4

0.98

2.90

0.96

4.49

10.57

0.94

4.62

0.97

3.39

0.94

4.44

1

0.98

0.96

0.97

1.29

3.49

0.92

1.96

0.92

1.96

0.93

1.88

2.5

0.98

1.02

0.97

1.33

3.68

0.94

1.70

0.95

1.56

0.95

1.56

4

0.96

1.36

0.91

2.19

4.93

0.93

1.86

0.94

1.67

0.90

2.28

1

0.99

0.02

0.99

0.03

0.09

0.99

0.03

0.99

0.03

0.99

0.03

2.5

0.99

0.02

0.99

0.03

0.09

0.97

0.05

0.98

0.04

0.98

0.04

4

0.98

0.04

0.96

0.06

0.15

0.95

0.06

0.98

0.04

0.95

0.06

* 4 PLS components were used to build calibration models.

Static

Slow motion

Fast motion

Table 6.7 Performance of PLSR models in terms of SEC, SECV and SEP.
Attribute

Collimator
distance
(cm)

Calibration

Validation (n =18)

(n = 36)
Static

Fat

Moisture

85
Protein

Ash

Slow motion

Fast motion

SEC

SECV

bias

slope

SEP

bias

slope

SEP

bias

slope

SEP

bias

slope

1

2.63

2.63

-0.00

0.99

3.03

1.15

0.96

3.02

1.02

0.98

2.67

1.03

1.00

2.5

2.64

2.64

-0.00

0.98

3.69

1.99

0.97

2.96

1.66

0.99

3.23

1.53

1.01

4

4.30

4.30

0.00

0.97

4.26

3.39

0.97

3.33

1.41

1.04

5.77

-0.77

1.10

1

1.75

1.75

0.00

0.98

1.61

-2.34

1.02

1.64

-2.25

1.02

1.52

-2.32

1.04

2.5

1.71

1.71

0.00

0.98

2.46

-2.86

1.02

2.03

-2.62

1.03

2.37

-2.56

1.06

4

2.94

2.94

-0.00

0.96

2.59

-3.86

1.00

2.39

-2.47

1.07

4.46

-0.96

1.14

1

0.98

0.98

0.00

0.99

1.60

1.19

0.90

1.57

1.22

0.90

1.39

1.29

0.90

2.5

1.03

1.03

-0.00

0.99

1.48

0.90

0.89

1.24

0.98

0.89

1.18

1.06

0.91

4

1.37

1.37

-0.00

0.98

1.85

0.48

0.88

1.35

1.02

0.94

1.59

1.68

0.99

1

0.02

0.02

0.00

0.98

0.02

-0.02

0.99

0.02

-0.02

0.99

0.02

-0.02

1.01

2.5

0.02

0.02

0.00

0.98

0.04

-0.03

0.99

0.03

-0.02

1.00

0.03

-0.02

1.03

4

0.04

0.04

0.00

0.96

0.04

-0.04

0.97

0.03

-0.02

1.04

0.06

0.00

1.11

* 4 PLS components were used to build calibration models.

6.3.6. Model validation
It is important to validate the calibration models using an independent set of data that has
not been used in developing the models. The primary aim of validating the models is to
ensure that they will perform efficiently in the future for similar data (ElMasry et al.,
2013). The data from batch 3 for static, slow and fast motion conditions were used as
validation sets. All the models in Table 6.6 were able to predict their respective chemical
attribute with good accuracy in static, slow and fast motion conditions as supported by the
lower values of RMSEP, in the range of 0.03-5.67. Better predictions were observed in
motion conditions for all the chemical attributes and at all distance-speed combinations,
possibly because a greater surface area of the sample is scanned by the NIR probes in
motion condition. Thus, an enhanced representation of the sample composition may have
been produced.
The predictions for fat at a collimator distance of 4 cm were good with a 𝑅𝑝2 of
0.96, 0.98 and 0.95 for static, slow and fast motion conditions respectively (Table 6.6).
Similar results were observed for fat with other collimator distances and speed
combinations (Table 6.6). The moisture model for a collimator distance of 4 cm also
showed accurate predictions with a 𝑅𝑝2 of 0.94, 0.97 and 0.94 for static, slow and fast
motion conditions respectively accompanied by similar prediction values for protein and
ash (Table 6.6). The reason for better predictions in motion conditions may be due to a
greater surface area being analysed. Moreover, RMSEP values for all the predictions were
low and in the range of 0.04-5.67. The RMSEP values for fat and moisture (Table 6.6) at
a collimator distance of 4 cm were observed to be slightly higher, probably due to the
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same reason as mentioned in section 6.3.5, i.e. the amount of diffused-reflected light lost
while reaching back to the probes situated at higher distances. Additionally, there are
several other external factors which can affect the prediction accuracy of the NIR
spectroscopy system which are already mentioned in section 4.3.3. Apart from these
mentioned errors there are various factors which can influence lab errors such as the
temperature and RH of the ambient air while weighing and scanning and the time lapse
between each measurement (Feng et al., 2015).
The overall performance of the PLSR shows that the models were able to predict the
fat, moisture, protein and ash for the samples with good accuracy in static, slow and fast
motion conditions and for three (1, 2.5 and 4 cm) measuring distances of the collimators.
Prediction accuracy of the models may be improved with better monitoring of the external
factors and with the use of further chemometric techniques. PLSR models developed were
based on independent batches which ensures their robustness. Thus, the RMSEPs and
corresponding value of 𝑅𝑝2 obtained were more practical which can be channelled to a
real-time industrial scenario. The aim of this particular study was to test the efficiency of
NIR probes fitted with collimators in order to predict chemical composition of minced
beef samples using higher measuring distances. Hence, it can be stated that this multipoint NIR system can operate at a measuring distance of up to 4 cm from the samples.

6.4. Conclusions
In the present study, multi-point NIR spectroscopy was successfully employed to estimate
the chemical composition of minced beef samples in static, slow and fast motion
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conditions with the aid of collimators. Collimators provide the ability to use measuring
distances from the samples, up to 4 cm. Thus, this novel setup enhances the non-contact
nature of this technique. Moreover, multi-point NIR spectroscopy overcomes the
limitation of not obtaining representative measurements observed when performing single
point measurements of heterogeneous samples such as meats.
PLSR was used to analyse the information obtained from spectroscopic analysis. High
2
values of 𝑅𝑐𝑣
and 𝑅𝑝2 and lower values of the corresponding RMSECV and RMSEP (fat:

2.79-5.67, moisture: 2.75-4.62, protein: 1.56-2.28 and ash: 0.03-0.06) confirmed a good
fit for all models as well as their predication accuracy. It can be concluded that collimator
aided multi-point NIR spectrophotometer combined with chemometrics has great
potential as an in-line monitoring tool for the meat processing industry.
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Integrating collimated
splitting for real-time prediction

light

and

beam

7.1. Summary
This study aims at evaluating the potential of a multipoint NIR spectrophotometer system
based on a Fabry-Perot interferometer, which incorporates a beam splitter, combined with
a four point photodiode array detector and collimated light for performing on-line analysis
of beef composition. Additionally, it also aims at analysing the spectral information
obtained with the baseline correction setting and compare it to the information obtained
using a conventional approach. The system was employed to spatially predict the
composition of fat trimmings mixed minced beef samples at varied path lengths (1, 1.5
and 4 cm). The system’s performance was tested in two optional modes; (a) without
baseline correction adjustment and (b) with baseline correction adjustment. Both
measuring modes of the spectrophotometer demonstrated individual advantages in
particular situations; the first situation evaluated the simultaneous analysis of different
samples set at different path lengths per probe, whereas a second situation focused on
sudden changes of path lengths of the same sample per probe during a single analysis.
Partial least squares regression (PLSR) was employed to establish the quantitative
relationship between the spectral data and its proximate analysis values. Overall results
showed good predictions for all the chemical attributes. It was concluded from the results
that a baseline correction adjustment setting is needed when sudden changes in the
effective path length occur, while in a case where similar path length are encountered,
both modes could be used, obtaining good and similar performances.
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Some of the work described in this chapter has been published as peer reviewed article in
the Analytical Methods, 8 (20), 4134-4141.

7.2. Materials and methods
7.2.1. Sample preparation
Samples were prepared in 3 independent batches on random days in order to ensure
reproducibility of the results. These batches will further on be referred to as batch 1, batch
2 and batch 3.
Sample preparation was performed following the methodology described in section
4.2.1. Briefly, thirty-six minced samples ranging from 0 to 100% (w/w) in fat trimmings
content were prepared in increments of 20% (w/w) and in triplicates for batch 1 and 2.
Batch 3 was prepared in the form of an 18 cm X 18 cm square grid (8 X 6 array) consisting
a total of 48 samples (Figure 7.1). The grid was prepared containing a combination of four
sample mixtures at three different path lengths (1, 1.5 and 4 cm) from the collimators
(Figure 7.1). The four mixtures consisted of lean, pure fat trimmings and mixtures of 20%
(w/w), and 40% (w/w) in minced fat trimmings. Each sample weighed approximately 5 g
and was prepared in quadruplicates per path length, leading to a total of 12 samples per
mixture. Divisions of the grid were achieved with the aid of PVC (Polyvinyl chloride)
sheets (~ 2.00 mm thick).
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Figure 7.1 Grid sample arrangement for batch 3 as (a) fat composition, (b) Top view distances of the samples from the collimator probe arrangement and (c) 3D view distances of the samples from the collimator probe arrangement. (
- represents the
viewing angle

7.2.2. Proximate analysis
Moisture (method 950.46), fat (method 960.39), and ash (method 923.03) contents in both
pure lean meat and pure fat beef trimmings samples were determined using the standard
methods of the AOAC (2000). Protein content was obtained by subtraction as
carbohydrates are absent in beef samples (Meza-Marquez et al., 2010). All the samples
were analysed in triplicates and the average values for water, fat, protein and ash for each
sample were calculated and used in building PLSR models.
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7.2.3. Spectral data acquisition
Spectra were collected for NIR analysis on the day after sample preparation, after allowing
samples to reach room temperature (~20°C.). NIR reflectance spectra were collected
under ambient light conditions using a spectrophotometer (Innopharmalabs, Ireland),
based on a Fabry-Perot interferometer (Rikola, Oulu, Finland) with four-measurement
channels and 4 reflectance fibre probes (WF 400/440/470, Laser 2000 Ltd., UK) attached
to 4 collimating lenses (Fiberdesign B.V., the Netherlands). Each reflectance probe
consists of two arms; one arm attached to the spectrophotometer and the other arm to the
illumination source (Ocean Optics HL-2000-HP-FHSA). The tip of each probe consists
of 7 fibres; 6 bundled in a circular arrangement attached to the arm connected to the
illumination source and the 7th fibre (central) attached to the arm connected to the
detection source. The spectrophotometer consisted of a (92:8) beam splitter, which, when
selected from the instrument settings, applied instant baseline shift corrections to the
spectrum produced. Wavelength settings used were in the range from 1500 to 2080 nm
with 5 nm scanning intervals which yielded 117 data points per spectrum. The spectra
were collected in both static and motion conditions. The NIR spectrophotometer was
switched on for at least 1 hour before measurements in order to ensure lamp stability. At
the start of every measurement, the system automatically calibrates itself with dark current
measurements by blocking the light with the aid of a shutter; followed by white reference
measurements by recording the spectrum of a 99% reflectance standard (FW-WCVisNIRO2, Avian technologies LLC, Sunapee, USA) at 1.5 cm distance from the collimating
probe to the standard. For each sample, measurements were taken at five different regions
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of the sample surface. Spectral acquisition and file conversion from reflectance to
absorbance values were performed.
A distance of 1.5 cm was used between the collimator fitted probes and the
samples for batch 1 and 2. Each sample was flattened at the surface in order to reduce
impacts due to variable path lengths encountered by the probes. Measurements at five
different regions from each sample were first taken under static conditions, with and
without selection of baseline correction, followed by the same procedure under vibrating
motion conditions; 360 rpm. The vibrating motion was achieved with the aid of a vibrating
device (Microplate Shaker, VWR) used to simulate the motion of a hopper system.
Collimating probes (4 nos.), arranged in a square shape and set perpendicular to the
samples, were used for performing the measurements.
Measurements for batch 3 (square grid) were carried out as described for batch 1 and 2
except for the following changes. The collimating probes were arranged in a straight line,
where each probe was exposed to a different sample and effective path length depending
on its position along the grid (Figure 7.2). Different distances (1, 1.5 and 4 cm) between
the samples and the probes were chosen in order to assess the efficacy of the
spectrophotometer during the analysis when it encounters effective path lengths different
than the distance used for the calibration (1.5 cm).

93

Figure 7.2 Spectral measurements with different stand-off for individual probes

Two different approaches were chosen based on possible situations that could be
encountered in a meat processing plant. The first approach focused on evaluating the
simultaneous analysis of different samples at different path lengths per probe. The four
collimator fitted NIR probes were pointed towards four different samples containing
different fat content at different distances from the probes. Measurements at five different
regions from each sample were first taken under static conditions and then with and
without selection of baseline correction from the instrument settings, followed by the
same procedure under vibrating motion conditions: 360 rpm. After each analysis, the
probes were moved to the next column of samples and the procedure was repeated until
the whole grid was analysed.
The second approach focused on sudden changes of path lengths of the same sample per
probe during a single analysis. The NIR probes were pointed towards four different
samples containing different fat content at different distances from the probes. During
94

each scan, a sudden shock due to a rapid change in the sample presentation was achieved
by manually moving the sample grid towards a sample of the same fat concentration set
at a different distance from the probe. The same procedure was followed in both modes,
with and without baseline correction adjustment and over 4 scans.
7.2.4. Multivariate data analysis
Data pre-processing and multivariate analysis were performed following the methodology
described in section 4.2.4. Briefly, spectral data in the wavelength range of 1515 to 2050
nm was selected for the calculations as a low signal-to-noise ratio was observed at both
ends of the spectra. A range of pre-processing techniques such as the standard normal
variate (SNV) transformation, Savitzky-Golay smoothing, multiplicative scattering
correction (MSC), 1st order derivative, 2nd order derivative and a combination of SNV
transformation and Savitzky-Golay smoothing were applied and compared in order to
remove noise from the acquired spectra. For each treatment, the processed data obtained
was analysed and modelled using partial least squares regression for predicting fat,
moisture, protein and ash content.
In order to develop the calibration models, processed data acquired for batch 1 and
batch 2 (n = 36) under static conditions and without selection of baseline correction from
the instrument settings were used, along with their compositional reference values
extracted from proximate analysis. The data acquired with and without selection of
baseline correction from batch 3 (n = 18) for static as well as for motion conditions was
used as a validation sample set, along with their compositional reference values. The
method of leave-one-out was used for cross validation when developing the calibration
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models in order to avoid either over- or under-fitting of the models. Models were
developed for moisture, fat, protein and ash content (Moreira et al., 2015). The selection
of the best PLSR models were based on the minimum values of both root mean square
error of calibration (RMSEC) and root mean square error in cross validation (RMSECV).
The corresponding values of both coefficients of determination in calibration (𝑅𝑐2 ) and in
2
cross validation (𝑅𝑐𝑣
) were the maximum for best fitted models (Morsy and Sun, 2013).

The prediction accuracy of the developed calibration models was measured by calculating
the square error of prediction (Collell et al., 2011) and the corresponding coefficients of
determination in prediction (𝑅𝑃2 ) (Tao et al., 2015). Additionally, the limit of detection
(LOD) for pseudo univariate calibration was estimated according to IUPAC official
recommendations and latest development in error-in-variables theory for PLS calibration
(Allegrini and Olivieri, 2014).

7.3. Results and discussion
7.3.1. Proximate analysis
Table 7.1 illustrates the results of the proximate analysis from pure lean and pure fat
trimmings. Fat, moisture and protein were the main components and the results were in
confirmation with previously reported studies (ElMasry et al., 2013; Wold et al., 2011).
Samples were analysed from independent batches, thus obtaining batch to batch
variability with regard to composition. The compositional variability aids in making the
models robust.
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Table 7.1 Chemical composition of minced lean beef and fat beef trimmings over 3
independent experiments.

Minced
lean beef
Beef fat
trimmings

% Moisture

% Fat

% Ash

% Protein

73.68
(± 0.58)
(73.24 – 74.34)
13.95
(± 4.86)
(8.47-17.71)

2.41
(± 0.86)
(1.67-3.36)
81.18
(± 4.74)
(77.29-86.46)

1.09
(± 0.06)
(1.05-1.15)
0.22
(± 0.04)
(0.18-0.26)

22.83
(± 0.49)
(22.34-23.31)
4.65
(± 0.26)
(4.36-4.84)

Standard deviation shown in brackets, preceded by the symbol ± (n=3). Numbers in brackets
below standard deviations correspond to the minimum and maximum values respectively.

7.3.2. Spectral analysis
7.3.2.1. Calibration set
The SNV transformed and Savitzky-Golay smoothed NIR absorbance spectra of the
calibration set (batches 1 and 2) in static conditions are shown in Figure 7.3. The spectra
illustrate all the important absorption peaks related to the composition of beef. The
absorbance peaks observed at 1758 and 1764 nm are related to fat content which arises
due to C-H first overtones. (Barlocco et al., 2006; Cozzolino et al., 2002; ElMasry et al.,
2011b; Hoving-Bolink et al., 2005; Isaksson et al., 1992; Morsy and Sun, 2013). O-H first
and second overtones are associated with the moisture content in samples and those
absorption bands arises at 1440 and 1940 nm (Barlocco et al., 2006; Cozzolino et al.,
2002; ElMasry et al., 2013; He et al., 2013; Ortiz-Somovilla et al., 2007; Prieto et al.,
2009a). Although the operating wavelength range of the NIR spectrophotometer used in
this study was 1500-2100 nm, the end portion of the O-H stretching peak at 1440 nm can
be observed between 1515 and 1650 nm. Protein content is associated with N-H
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overtones, whose absorption band appears at 1690 nm. C-H first overtones observed
between 1600 and 1800 nm could be related to ash content but it is difficult to recognize
by visual inspection (Bruun et al., 2010). The NIR region is generally associated with
combination bands of fundamental vibrations which are very broad and highly
overlapped. Hence, it is difficult to distinguish them visually (Barbin et al., 2013b;
Cozzolino, 2015; ElMasry et al., 2013; Prieto et al., 2008).

Figure 7.3 SNV transformed and smoothed NIR reflectance spectra of the calibration set
in static conditions (The arrow indicates the direction of increasing content of fat
trimmings).
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7.3.2.2. Prediction set: spectra without baseline correction vs spectra with baseline
correction with sudden path length changes
Figure 7.4 shows the SNV transformed and Savitzky-Golay smoothed NIR absorbance
spectra of minced beef samples in both modes: (a) Without (w/o) baseline correction and
(b) With (w/) baseline correction. It is clearly visible from Figure 7.4 b that the spectra
obtained using the baseline correction adjustment are more visually informative and
clearly distinguishes the samples on the basis of fat content, obtaining its characteristic
signature when compared to the NIR spectra build with the calibration set (Figure 7.3).
Whereas, Figure 7.4 a, clearly illustrates the moment the sudden change on the path length
was experienced, losing its characteristic signature from that point, which confirms its
incompatibility when used in these types of situations. The comparison of the two spectra
shows the ability of the spectrophotometer, when configured for baseline correction
adjustments, to take into account the change in diffused reflectance which arises due to
sudden changes in the effective path length. Hence, it could be concluded that the novel
NIR spectrophotometer aided with a beam splitter would be compatible to work in a meat
processing plant where it is not always possible to have the same path length.
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Figure 7.4 SNV transformed and smoothed NIR reflectance spectra: (a) without baseline
correction setting and (b) with baseline correction setting.

7.3.3. Model building
A typical spectrum generated in the NIR region is highly overlapped due to combination
bands, which makes individual peaks difficult to identify visually. In recent years, various
chemometric techniques have been used to quantify meat composition from pre-processed
NIR data (He et al., 2013; Kamruzzaman et al., 2012; Morsy and Sun, 2013). In this
particular study, PLSR has been performed in order to quantify fat, moisture, protein and
ash content of minced beef samples.
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PLSR is one of the most widely used multivariate data analysis technique. It is useful
when the number of predictors is significantly larger than the observations, as it creates
an entirely new dataset based on PLS components by restructuring the original number of
descriptors (Barbin et al., 2013c; Cheng et al., 2014). In order to improve predictions, the
validation sample set would ideally be prepared and measured in a similar way as the
calibration set. However, the main aim of this study was to predict the composition of
minced beef samples spatially in order to simulate a real scenario in a meat processing
plant, therefore, the validation set was prepared in the form of a square grid as discussed
in section 7.2.1. Additionally, it also aims at testing the ability of the spectrophotometer
to deal with varied path lengths.
7.3.4. Calibration model
Robustness and accuracy of the calibration models is assessed by the following
parameters; coefficients of determination, root mean square errors for calibration
2
( 𝑅𝑐2 , RMSEC ) and cross validation ( 𝑅𝑐𝑣
, RMSECV ), along with LOD and the number of

PLS components used (Iqbal et al., 2013). All pre-processing techniques generated similar
calibration models (Table 7.2); however the best results were obtained from pre-processed
data using a combination of SNV transformation and Savitzky-Golay smoothing,
therefore, this section and the following sections will focus on the data obtained using the
mentioned pre-treatment.
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Table 7.2 Developed PLSR calibration models using different pre-processing techniques.
Attribute

Fat

Moisture

Protein

Ash

Calibration

Pre-processing Technique
SNV

SavitzkyGolay (n
= 11)

MSC

1st order
derivative

2nd order
derivative

R2c

0.99

0.98

0.99

0.99

0.99

SavitzkyGolay (n =
11) and
SNV
0.99

RMSEC

2.77

3.00

2.25

2.36

2.51

1.91

R2cv

0.97

0.97

0.98

0.98

0.98

0.99

RMSECV

4.18

4.27

3.75

3.93

3.88

2.48

R2c

0.98

0.98

0.99

0.99

0.98

0.99

RMSEC

2.28

2.47

1.84

2.00

2.12

1.73

R2cv

0.97

0.97

0.98

0.97

0.97

0.98

RMSECV
R2c

3.43
0.98

3.49
0.98

2.98
0.99

3.34
0.99

3.26
0.99

2.22
0.99

RMSEC

0.65

0.69

0.54

0.55

0.59

0.42

R2cv

0.97

0.97

0.97

0.97

0.97

0.98

RMSECV

0.98

1.00

0.99

0.89

0.90

0.68

R2c

0.98

0.98

0.98

0.98

0.98

0.98

RMSEC

0.03

0.04

0.03

0.03

0.04

0.03

R2cv

0.96

0.96

0.95

0.95

0.94

0.96

RMSECV

0.06

0.06

0.06

0.06

0.07

0.05

* 5 number of pls components were used for all models.

Table 7.3 illustrates the performance summary of the developed calibration models for
2
fat, moisture, protein and ash content. High values of 𝑅𝑐𝑣
in the range of 0.96-0.99 were

obtained with 5 PLS components, which confirmed a good fit for all 4 models (Table 7.3).
2
The model for fat gave the best fit with a 𝑅𝑐𝑣
of 0.99 which was in agreement with the

studies conducted by ElMasry et al. (2013) and Tøgersen et al. (1999). Moisture and
2
protein models also showed a very good fit with 𝑅𝑐𝑣
of 0.98, followed by the ash model
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2
which generated 𝑅𝑐𝑣
of 0.96. Furthermore, RMSECV for all models were in the range of

0.05-2.48 which confirmed the accuracy of the models. Overall results were in good
agreement with the results reported by ElMasry et al. (2013), Wold et al. (2011) and
Tøgersen et al. (1999).
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Table 7.3 Performance of PLSR models in predicting the chemical composition of the test data set (batch 3) in static conditions using both
modes for baseline correction adjustments and at different probe-sample distances.
Attribute

Calibration

R2c

Fat
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Moisture

Protein

Ash

0.99

0.99

0.99

0.98

RMSEC

1.91

1.73

0.42

0.03

R2cv

0.99

0.98

0.98

0.96

RMSECV

2.48

2.22

0.68

0.05

* 5 number of pls components were used for all models.

LOD

6.82

6.32

1.57

0.14

Probesample
distance
(cm)

Validation
Static
R2p

SEP

w/o
baseline
correction

w/
baseline
correction

w/o
baseline
correction

w/
baseline
correction

1

0.78

0.77

8.55

11.25

1.5

0.86

0.82

8.61

11.12

4

0.94

0.83

6.75

11.40

1

0.76

0.74

6.60

9.22

1.5

0.84

0.80

6.75

8.58

4

0.94

0.84

4.96

8.49

1

0.85

0.86

2.27

2.31

1.5

0.89

0.86

2.15

2.54

4

0.91

0.85

1.71

2.44

1

0.75

0.72

0.11

0.14

1.5

0.75

0.75

0.13

0.14

4

0.83

0.57

0.12

0.19

7.3.5. Prediction of chemical composition
Pre-processed spectral data obtained from batch 3 for static conditions with both w/o baseline
and w/ baseline correction modes were used as the validation set, results of which are shown
in Table 7.3. Fat was predicted with good accuracy at all three distances (1, 1.5 and 4 cm)
from the collimator-probe and also using both modes w/o and w/ adjustment of the baseline
correction as indicated by a 𝑅𝑝2 in the range of 0.77-0.94 (Figure 7.5). Moisture also showed
good predictions with a 𝑅𝑝2 in the range of 0.74-0.94 (Figure 7.6). Protein also showed good
predictions with a 𝑅𝑝2 in the range of 0.85-0.91 (Figure 7.7) followed by ash which showed
a 𝑅𝑝2 in the range of 0.57-0.83 (Figure 7.8). A low 𝑅𝑝2 of 0.57 for ash at a sample distance of
4 cm from the collimator-probe and w/ baseline correction could be related to any external
factor for those scans. There are a number of conclusions which can be drawn from the PLSR
model summary in Table 7.3: (a) best results were obtained at a sample distance of 4 cm
from the collimator-probe w/o baseline correction, (b) w/o baseline and w/ correction settings
at a sample distance of 1 cm from the collimator-probe generated similar results and (c)
although better prediction models were obtained w/o the baseline correction settings, those
obtained using the baseline correction adjustment were also good. It could also be concluded
from the results discussed in section 7.3.2 and those shown in Table 7.3 that a baseline
correction adjustment setting is required when sudden changes in the effective path length
occur while in case where similar path lengths are encountered both settings (w/ and w/o
baseline correction) could be used, obtaining good and similar performances.
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Figure 7.5 Prediction plots for fat in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5 cm)
and ♦: Testing set (1 cm)).
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Figure 7.6 Prediction plots for moisture in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5 cm)
and ♦: Testing set (1 cm)).

107

Figure 7.7 Prediction plots for protein in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5 cm)
and ♦: Testing set (1 cm)).
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Figure 7.8 Prediction plots for ash in static as well as in motion; (a) static- w/o baseline
correction, (b) static- w/ baseline correction, (c) motion- w/o baseline correction and (d)
motion- w/ baseline correction (■: Training set, ●: Testing set (4 cm), ▲: Testing set (1.5 cm)
and ♦: Testing set (1 cm)).

Data obtained in motion conditions for both modes was also validated in the same manner
(Table 7.4).
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Table 7.4 PLSR results for prediction of chemical components in motion
Attribute

Fat

Moisture

Probesample
distance
(cm)

Validation
Motion
w/o baseline
correction

w/ baseline
correction

R2p

SEP

R2p

SEP

1

0.74

10.05

0.78

11.17

1.5

0.85

7.19

0.79

10.46

4

0.90

8.20

0.87

9.39

1
1.5

0.70
0.83

7.76
5.80

0.74
0.74

9.16
8.93

4
0.90
6.23
0.87
7.14
1
0.87
2.13
0.80
2.80
1.5
0.88
1.93
0.83
2.49
4
0.90
1.71
0.89
1.93
Ash
1
0.76
0.12
0.67
0.14
1.5
0.74
0.10
0.70
0.15
4
0.67
0.16
0.74
0.14
* 5 number of pls components were used for all models.

Protein

7.3.6. Spatial PLS model predictions
To the best of our knowledge, studies involving NIR spectroscopy and spatial information
of meat have only been reported using Hyperspectral Imaging (HSI) systems. One of the
most useful advantages of multi-point NIR spectrophotometer is its ability to generate spatial
information. The four collimator-fitted NIR probes are independent of each other and can
also be used to scan different samples simultaneously which could be advantageous in a meat
processing plant in order to monitor various CCPs (critical control points). In this particular
study, and as described in section 7.2.1, a square grid (8 X 6 array) consisting of 48 samples
was used. It was designed to ensure that each collimator-fitted NIR probe was exposed to a
single sample during each scan. Spatial maps or chemical images were generated in R (R
Core Team, 2014) on the basis of measured and predicted percentage of chemical
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components (fat, moisture, protein and ash) extracted from the PLSR models. Figure 7.9
shows the spatial maps for measured and predicted fat content (both for w/o and w/ baseline
corrected pre-processed NIR data). Each block of the grid acquires a different colour based
on its percentage of fat content. It is clearly visible form Figure 7.9 b and c that the images
give an accurate prediction of the fat composition in the square grid when compared to the
chemical image obtained from the measured values (Figure 7.9 a). The prediction for the
pre-processed NIR data w/o a baseline correction was slightly more accurate than w/ baseline
correction as visible from Figure 7.9 b and reported in Table 7.3. Spatial maps for moisture,
protein and ash content were also produced obtaining similar levels of predictions (Figure
7.10, 7.11 and 7.12).

Figure 7.9 Spatial map for percentage of fat content in static conditions; (a) Measured
fat content, (b) Predicted fat content w/o baseline correction adjustment (c) Predicted
fat w/ baseline correction adjustment.
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Figure 7.10 Spatial map for percentage of moisture content in static conditions; (a) Measured
moisture content, (b) Predicted moisture content w/o baseline correction adjustment (c)
Predicted fat w/ baseline correction adjustment.

Figure 7.11 Spatial map for percentage of protein content in static conditions; (a) Measured
protein content, (b) Predicted protein content w/o baseline correction adjustment (c)
Predicted fat w/ baseline correction adjustment.
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Figure 7.12 Spatial map for percentage of ash content in static conditions; (a) Measured ash
content, (b) Predicted ash content w/o baseline correction adjustment (c) Predicted fat w/
baseline correction adjustment.

7.4. Conclusions
This study illustrates the ability of a collimator fitted multi-point NIR spectrophotometer to
spatially predict the chemical composition of minced beef samples at varied path lengths (1,
1.5 and 4 cm) with good accuracy. The multi-point probes overcome the limitation of
obtaining non-representative measurements when using single point NIR systems on
heterogeneous samples such as meats. In general, typical fibre-optic reflectance probes have
measuring distances in the order of millimetres. However, with the aid of collimators the
measuring distances can be increased to centimetres, which enhances the non-contact nature
of NIR spectroscopy. Moreover, the spectrophotometer used in this study incorporates a
beam splitter, which gives the added advantage of use in situations where the effective path
length rapidly changes.
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Calibration models were developed using PLSR for fat, moisture, protein and ash. High
values of 𝑅𝑐2 and low values of RMSECV confirmed good accuracy for all the models. High
values of 𝑅𝑝2 showed good prediction accuracies for most measuring distances w/o and w/
baseline correction adjustment modes. PLSR models developed were based on independent
batches which ensures their robustness. Thus, the SEPs and corresponding value of 𝑅𝑝2
obtained were more practical which can be channelled to a real-time industrial scenario. It
can be confirmed from this study that the novel multi-point collimator-fitted NIR
spectrophotometer combined with chemometrics offers potential as a quality monitoring tool
for the meat processing industry. The addition of collimators and the use of a beam splitter
for higher measuring distances and baseline corrections adjustments respectively make this
spectrophotometer highly suitable for a typical real-scenario in many industrial
environments.
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Chapter 8 Quantification
of
beef
fat
content
simultaneously under static and motion conditions
8.1. Summary
In this study, a multipoint near infrared (NIR) spectrophotometer system, based on a FabryPerot interferometer, combined with a four point photodiode array detector and flexible
collimator-probe arrangement was studied for real-time analysis of beef fat content. The
system was employed to predict fat content of mixed minced beef samples concurrently
under two different conditions; (a) static and slow motion and (b) static and fast motion.
Additionally, a separate measurement was conducted to further test the independency of a
collimator-probe arrangement by scanning two samples with different fat percentage
concurrently under static and motion conditions. Partial least squares regression (PLSR) was
employed obtaining coefficients of determination in calibration (𝑅𝑐2 ) of 0.95, confirming a
good fit for the three models. The fat content of samples in the independent set were predicted
with reasonable accuracy: an 𝑟 2 in the range of 0.82-0.92 and SEP in the range of 3.05-3.98
%. Moreover, the spectral features observed for the probe independency test clearly
illustrated the flexibility and independency of the collimator-probe arrangement. This study
showed that the multipoint NIR spectroscopy system can predict beef fat content
concurrently in static and motion conditions and illustrates its potential use as an in-line
monitoring tool at various junctions in a meat processing plant.
Some of the work described in this chapter has been published as peer reviewed article in the
Journal of Near Infrared Spectroscopy, 24 (4), 353-361.
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8.2. Material and methods
The procedures explained in this section were conducted in three independent batches on
random days to ensure reproducibility of the results. These batches will be referred to as
batch 1, batch 2 and batch 3.
8.2.1. Sample Preparation
Sample preparation was performed following the methodology described in section 4.2.1.
Briefly, one hundred and eight minced samples (36 samples per batch) ranging from 0 to
100% (w/w) in fat trimmings content were prepared in increments of 20% (w/w).
8.2.2. Fat analysis
Fat content of the pure lean meat and pure fat beef trimmings samples was determined with
a soxhlet apparatus following a standard method of the AOAC (2000) (method 960.39). All
analyses were performed in triplicates. Moisture and ash contents were also determined in
both pure lean meat and pure fat beef trimmings samples using standard methods of the
AOAC (2000) while protein content was obtained by subtraction as carbohydrates are absent
in beef samples (Meza-Marquez et al., 2010). However, the main aim of this study was to
demonstrate the flexibility and independency of collimator fitted NIR probes hence for
brevity models of moisture, protein and ash are not reported.
8.2.3. NIR spectra acquisition
NIR spectra were acquired following the methodology described in section 6.2.3. Briefly,
the collimator fitted probes were placed at a distance of 1.5 cm and the sample’s surface was
flattened to reduce the impact of distance difference between the sample and the probes.
Measurements were concurrently taken under static and rotational motion conditions in a
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random order; 100 rpm (0.15 m/s) and 210 rpm (0.31 m/s), further on referred to as slow and
fast motion conditions respectively. The rotating motion was achieved with the aid of a small
rotating device (TLD-TEC, Germany). As shown in Figure 8.1, measurements were
performed with the collimating probes arranged in a straight line and set perpendicular with
the samples, 2 probes were positioned to scan samples in static condition while the other 2
collimating probes were positioned to scan samples in rotational motion. For each sample in
static condition, measurements were taken at five different regions of the sample surface,
acquiring 10 measurements per sample (2 collimating probes by 5 sample locations). In
motion condition, 10 measurements per sample were also collected. Spectral acquisition and
file conversion from reflectance to absorbance values were performed operating the
manufacturer’s software (MultiEye Piezo, VTT, Finland).

Figure 8.1 Schematic diagram of multi-point NIR system setup.
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8.2.4. Data analysis
Data pre-processing and multivariate analysis were performed following the methodology
described in section 4.2.4. Briefly, a combination of SNV transformation and Savitzky-Golay
smoothing were applied in order to remove noise from the acquired spectra. The processed
data obtained was analysed and modelled using partial least squares regression (PLSR).
Three separate calibration models were developed for static, slow and fast motion
condition. In order to develop the calibration models, processed data acquired for batch 1
and batch 2 were used, along with the reference values of fat obtained from the proximate
analysis. The data acquired from batch 3 for static as well as for slow and fast motion
conditions, along with their fat reference values, was used as a validation sample set for each
model for static, slow and fast motion respectively. The method of leave-one-out was used
for cross validation while developing the calibration models in order to avoid either over- or
under-fitting of the models (Moreira et al., 2015). Best PLSR models were based on the
minimum values of both standard error of calibration (SEC) and standard error in cross
validation (SECV). The corresponding values of both coefficients of determination in
2
calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
) were maximum for best fitted models (Morsy

et al., 2013). Prediction accuracy of the models were determined using the statistical indices;
the standard error of prediction (SEP) and coefficients of determination in prediction (𝑅𝑝2 )
(Makky and Soni, 2014). Statistical indices SEC and SEP are defined as follows:

Equation 12
𝑐
∑𝑛𝑖=1
(𝑦̂𝑖 − 𝑦𝑖 )2
𝑆𝐸𝐶 = √
(𝑛𝑐 − 1)
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Equation 13
𝑣
∑𝑛𝑖=1
(𝑦̂𝑖 − 𝑦𝑖 − 𝑏𝑖𝑎𝑠)2
𝑆𝐸𝑃 = √
(𝑛𝑣 − 1)

Where nc is the number of data samples for calibration, nv is the number of data
samples for validation, ŷi is the prediction value and yi is the measured value. The average
differences between predicted and actual values were considered as bias.
Equation 14
𝑣
∑𝑛𝑖=1
(𝑦̂𝑖 − 𝑦𝑖 )2
𝑏𝑖𝑎𝑠 = (
)
𝑛𝑣

Additionally, the limit of detection (LOD) for pseudo univariate calibration was estimated
according to IUPAC official recommendations and latest development in error-in-variables
theory for PLS calibration (Allegrini and Olivieri, 2014).

8.3. Results and discussion
8.3.1. Fat analysis
Table 8.1 illustrates the results of the fat analysis from pure lean and pure fat trimmings. Fat
values were in confirmation with previously reported studies (ElMasry et al., 2013; Wold et
al., 2011). Samples were analysed from independent batches, thus obtaining batch to batch
variability with regard to composition. The compositional variability aided in making the
models robust.
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Table 8.1 Fat content of minced lean beef and fat beef trimmings.

Minced lean beef

Beef fat trimmings

2.15

69.78

(± 0.62)

(± 13.48)

(1.75-2.86)

(56.85-83.74)

% Fat

Standard deviation shown in brackets, preceded by the symbol ± (n=3). Numbers in brackets below
standard deviations correspond to the minimum and maximum values respectively.

8.3.2. Spectra Interpretation of calibration set
Figure 8.2 illustrates the SNV transformed and Savitzky-Golay smoothed NIR absorbance
spectra of the calibration set (batches 1 and 2) in static, slow and fast motion conditions. Preprocessed data for both the static conditions (analysed concurrently with slow and fast
motion) was merged together. It is clearly evident from the spectra that the
spectrophotometer was able to distinguish samples on the basis of their fat content in static
and motion conditions. It should be noted that sample replicates were scanned concurrently
in static and slow or fast motion which shows the independency of the collimator-probe
setup. Absorbance bands observed at 1758 and 1764 nm are related to fat content which
arises due to C-H first overtones. Moisture content is related to the O-H first and second
overtones and those absorption bands arises at 1440 and 1940 nm (Barlocco et al., 2006;
Cozzolino et al., 2002; ElMasry et al., 2013; Hoving-Bolink et al., 2005; Isaksson et al.,
1992; Morsy and Sun, 2013; Prieto et al., 2009a). The spectrophotometer used in this study
operates at a wavelength range of 1500-2100 nm. However, the end portion of the O-H
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stretching band at 1440 nm can be observed between 1515 and 1650 nm. The absorption
band at 1690 nm is associated with N-H overtones which is related to protein content. Greater
noise was observed in the NIR spectra for motion conditions (Figure 8.2 b, c) which could
be attributed to a variation in the amount of diffused light entering the NIR probes, which
could be related to height differences encountered by the probes while the samples were in

motion.

Figure 8.2 SNV transformed and smoothed NIR spectra of the minced beef samples at; (a)
Static, (b) Slow and (c) Fast (The arrow indicates the direction of increasing content of fat
trimmings).

8.3.3. PLSR results
The NIR region is generally associated with combination bands of fundamental vibrations
which are very broad and highly overlapped, hence, it is difficult to distinguish them visually
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(Barbin et al., 2013a; Cozzolino, 2015; ElMasry et al., 2013; Prieto et al., 2009a).
Chemometrics plays an important role in order to extract the useful information such as
chemical composition from these highly overlapped NIR spectra. In this study, PLSR has
been performed in order to quantify and predict fat content of the minced beef samples. PLSR
is one of the most frequently used multivariate data analysis technique for spectral analysis
because of its flexibility when solving problems of multicollinearity and when the number
of variables are greater than samples (Cheng and Sun, 2015).
Table 8.2 illustrates the performance summary of PLSR models for fat in static, slow and
fast motion conditions. A high 𝑅𝑐2 of 0.95 was obtained for all three models with 4 PLS
components, confirming a good fit for these models (Table 8.2). All the models were cross
2
validated using a leave-one-out method, obtaining a good fit with a 𝑅𝑐𝑣
in the range of 0.92-

0.93. Furthermore, SECV for all models were in the range of 5.62-5.99 which illustrated
accuracy of the models. Overall results were in agreement with the results reported by
ElMasry et al. (2013), Wold et al. (2011) and Tøgersen et al. (1999).
The prediction accuracy of the models was evaluated using the pre-processed spectral data
obtained from batch 3 as the validation set for static, slow and fast motion conditions, results
of which are shown in Table 8.2. Best predictions were obtained for fat content in slow
motion with a 𝑅𝑝2 of 0.92 and SEP of 3.98 (Table 8.2), which could be attributed to a greater
surface area of the sample being scanned by the NIR probes, producing a better
representation of the fat content of the samples. Fat content predictions in fast motion also
showed good results with a 𝑅𝑝2 of 0.85 and SEP of 3.97 followed by static which presented
a 𝑅𝑝2 of 0.82 and SEP of 3.05 (Table 8.2). Figure 8.3 shows the prediction versus measured
plots for fat content in static, slow and fast motion conditions using batch 3 as the validation
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set. It can be observed from Figure 8.3 that the predicted values have a bias, which could be
attributed to external factors which are already mentioned in the section 4.3.3. Prediction
plot clarifies that the observed bias is independent of the static and motion conditions. PLSR
models developed were based on independent batches which ensures their robustness. Thus,
the SEPs and corresponding value of 𝑅𝑝2 obtained were more practical which can be
channelled to a real-time industrial scenario. Overall results showed good prediction
accuracies for the three models which illustrates the potential of multi-point NIR
spectroscopy to perform in-line monitoring in both static and motion conditions and at
different junctions of a processing plant.
Table 8.2 Performance of PLSR models in predicting fat content for the test data set in static
as well as slow and fast motion conditions.
Mode

Calibration

Validation

𝑅𝑐2

SEC

2
𝑅𝑐𝑣

SECV

LOD

𝑅𝑝2

SEP

Static

0.95

5.93

0.92

5.93

20.33

0.82

3.05

Slow motion

0.95

5.62

0.92

5.62

19.56

0.92

3.98

Fast motion

0.95

5.99

0.93

5.99

20.74

0.85

3.97

4 PLS components were used for building calibration models
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Figure 8.3 Prediction versus measured plots of batch 3 for fat content (○: Static, ∆ Slow and
□: Fast).

8.3.4. Collimator probe independency
One of the main aims of this study is to show the independency of the collimator-probe setup.
In order to illustrate this feature, two different samples (20% fat trimmings with pure fat
samples and 80% fat trimmings with pure lean samples) were scanned concurrently in static
and motion (slow or fast) conditions and in triplicates. Each sample was scanned in static,
slow and fast motion conditions. Two probes were positioned to scan samples in static
condition while the other two collimating probes were positioned to scan samples in
rotational motion. Figure 8.4 a clearly shows that the spectra of sample with 20% fat
trimmings have a lower fat related absorption peak at 1754 and 1768 than the pure fat sample.
Similar differentiation of the spectra was observed for other sample combinations as shown
in Figure 8.4 b, c and d. It should be noted that samples were scanned concurrently in static
and motion conditions with probes 1 and 2 positioned to scan samples in motion while probes
3 and 4 positioned to scan static samples. All these spectra illustrate the probe flexibility and

124

independency feature of the collimator-probe setup which can be beneficial for the meat
industry in order to conduct in-line monitoring at multiple locations of the plant using the
same device.

Figure 8.4 SNV transformed and smoothed NIR spectra of minced beef samples in triplicates;
(a) static and slow motion for pure fat trimmings and 20% fat trimmings samples
respectively, (b) static and slow motion for 20% fat trimmings and pure fat trimmings
samples respectively, (c) static and fast motion for pure lean beef and 80% fat trimmings
samples respectively and (d) static and fast motion for 80% fat trimmings and pure lean beef
samples respectively.

8.4. Conclusions
Overall results from the present study confirms that the multi-point NIR spectroscopy system
combined with multivariate analysis has the potential to be a fast and reliable technique to
conduct in-line monitoring of minced beef samples based on their fat content in static and
motion conditions concurrently. Additionally, the study also illustrates the potential of using
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multi-point NIR spectroscopy system for monitoring at different junctions in a meat
processing plant due to the flexibility and independency of collimator-probe arrangement.
High coefficients of determination (𝑅𝑝2 ) and low standard errors of prediction (SEP)
illustrates good prediction accuracy for the models. Predictions in slow and fast motion
condition produced better results than static, possibly because a larger scanning area was
encountered by the NIR probes which in turn provided a better representation of the sample
composition. The multi-point NIR spectroscopy system used in this study provides several
benefits: overcoming the limitation of representative measurements found when using single
point measurements for heterogeneous samples such as meats. Collimators provide the
ability to use high stand-off distances from the samples, up to 5 cm which enhances the noncontact nature of this technique. Since the equipment consists of four flexible and
independent collimator fitted probes; spatial information is obtainable and also the
monitoring at different junctions in a meat processing plant could be possible.
It can be concluded from the overall results that the multi-point NIR spectroscopy system
holds great potential for performing in-line monitoring of food products. Development of
robust calibration models by using large sample sets and reference values covering sample
composition variations would make multi-point NIR spectroscopy an indispensable
technique for the food processing industry.
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Chapter 9 Identification
and
compositional
quantification using Hyperspectral Imaging
9.1. Summary
The aim of this study was to test the potential of a Hyperspectral Imaging system to
differentiate and quantify minced beef samples on the basis of their chemical composition.
Additionally, it also aims at producing chemical images with regard to chemical composition
of the samples. A laboratory-scale pushbroom Hyperspectral Imaging system working in the
wavelength range of 880–1720 nm was used to produce spectral images (hypercubes) of the
samples. The system acquired an image line by line across the sample, yielding the 320 pixels
width of the sensor and the spectrograph disperses the spectra for each pixel of the line across
the other dimension of the sensor, yielding the 121 pixels in this direction (wavelength). The
sample was moved via a motorized transmission stage. Data obtained were subjected to
multivariate statistical analysis such as PCA which clearly differentiated various beef
samples based on their compositional content. Partial least squares regression (PLSR) was
employed obtaining coefficients of determination in calibration (𝑅𝑐2 ) of 0.99, confirming a
good fit for the four models. The fat content of samples was predicted with good accuracy:
an (𝑅𝑝2 ) of 0.99 and RMSEP of 0.75. Similarly, good predictions were obtained for other
compositional attributes. PLSR models were also used to produce chemical images which
illustrated the ability of HSI to provide spatial information on compositional content
distribution within a sample. Overall results, showed that HSI is capable of predicting
chemical composition of minced beef samples with a good accuracy. Also, the system has
the ability to produce chemical images which can be beneficial with respect to sample
homogeneity.
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9.2. Materials and methods
9.2.1. Sample preparation
Sample preparation was performed following the methodology described in section 4.2.1.
Briefly, eighteen minced samples ranging from 0 to 100% (w/w) in fat trimmings content
were prepared in increments of 20% (w/w) and in triplicates as shown in Figure 9.1.

Figure 9.1 Sample preparation for a typical experiment with HSI.

9.2.2. Proximate analysis
Proximate analysis of the minced lean beef and minced fat beef trimmings samples were
carried out using standard methods of the AOAC (2000): moisture content (method 950.46),
fat (method 960.39), and ash (method 923.03); Protein percentage were obtained by
difference as carbohydrates in beef samples are zero. All analyses were performed in
triplicates.
9.2.3. Hyperspectral Image acquisition
The beef samples (packed properly) were transported from DIT to UCD and scanned using
the laboratory-scale pushbroom Hyperspectral Imaging system which is illustrated in the
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section 3.2.5. HSI system produces a full 3-D hyperspectral image I(x,y,λ) called a
‘hypercube’ consisting of two spatial dimensions I(x,y) and one spectral dimension I(λ).
As shown in
Figure 9.2, the hypercube (3-D hyperspectral image) can be displayed as two
dimensional (2-D) sub-images that displays the sample at different wavelengths or as spectra
of different pixels. By looking at the same pixel at each wavelength, one obtains the full
spectral response at the corresponding point. Obvious low signal-to-noise ratio was observed
at the beginning and end of the spectrum and the acquired hyperspectral images were further
processed. A visual inspection of the acquired hyperspectral images revealed that the quality
of the images at both ends of the spectrum were noisy due to the low signal-to-noise ratio in
the two regions. Therefore, the two spectral regions of 880–936 nm and 1685–1720 nm were
excluded, resulting in hyperspectral images of 108 bands in the spectral range of 936–1685
nm.

Figure 9.2 Hypercube displayed as spatial 2-D images (x,y) at any wavelength or as a pixel
spectrum at a spatial location.
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9.2.4. Image pre-processing and data analysis
Raw data was imported into RStudio (R Core Team, 2014) for further image pre-processing
and multivariate analysis.
Image masking was applied in order to isolate the beef sample from its background
and from undesirable pixels which exhibit abnormal reflectance values. To isolate the beef
samples from the background, the image at wavelength 1013 nm was segmented using a
mask at a level of 0.21 intensity. All pixels below this threshold at that wavelength were
distinctly assigned to the background. The average spectra of the homogenized samples were
extracted using the whole sample as a region of interest and converted from reflectance
values to absorbance values. Initially, standard normal variate (SNV) transformation and
Savitzky-Golay smoothing were applied to remove the noise from the acquired spectra. The
resulting processed data was first analysed by principal component analysis (PCA) and
subsequently modelled using partial least squares regression (PLSR) with the purpose of
developing calibration models for predicting fat, moisture and protein content, relevant for
quality purposes in a typical meat production line.
The data acquired for replicates 1 and 2 was processed together and used to develop the
calibration models. The data acquired for replicate 3 was used as a validation sample set.
Calibration models were developed considering a cross validation using leave-one-out
method in order to avoid either over- or under-fitting of the model. PLS models were created
for moisture, fat, protein and ash content (Moreira et al., 2015). The best PLSR models were
chosen at the minimum values of both root mean square error of calibration (RMSEC) and
root mean square error in cross validation (RMSECV). The corresponding values of both
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2
coefficients of determination in calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
) were maximum

for a best fitted model (Morsy and Sun, 2013).
Once the PLSR model was developed, this was in turn used to predict these
constituents in each single point of the examined samples, known as chemical imaging. The
combination of both spectral and spatial information together enables a rapid analysis of
chemical content, uniformity, quality, and characterization of the beef samples. This was
performed by multiplying the model coefficients in each spectrum of every pixel in the
image. By this way, each single pixel in the image was considered as a prediction sample
(i.e., unknown sample) in itself. This approach is very helpful to show the degree of
heterogeneity of the sample in terms of its chemical distribution.

9.3. Results and discussion
9.3.1. Proximate analysis
Results from one independent experiment showing the chemical composition of lean beef
and fat trimmings are reported in Table 9.1. Water, protein and fat were the major
components present in all samples, being water in the case of lean beef and fat in the case of
fat trimmings. All results in Table 9.1 are in good agreement with those reported in the
literature (Morsy and Sun, 2013).
Table 9.1 Chemical composition (Mean + SD) of lean beef and fat trimmings.
Sample

Moisture (%)

Fat (%)

Protein (%)

Ash (%)

Lean beef

73.19 + 0.61

3.62 + 0.68

22.14 + 0.35

1.05 + 0.01

Fat trimmings

13.14 + 5.57

85.33 + 5.20

1.37 + 0.76

0.16 + 0.07
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9.3.2. Hyperspectral analysis
Figure 9.3 shows the SNV transformed and smoothed NIR spectra of beef samples at
different fat percentages acquired by the laboratory-scale pushbroom Hyperspectral Imaging
system. The spectra of fat trimmings (displayed in blue) showed absorption bands around
1200 nm, characteristic of the second overtone C-H, which are present in fat molecules, as
well as a second absorption band showed around 1450 nm, characteristic of first overtones
for C-H combinations and O-H, also present in fat molecules. These absorption bands
decrease as the fat content decreases in the mixture of lean and fat.

Figure 9.3 SNV transformed and smoothed NIR spectra of beef samples at different fat
concentrations acquired by HSI (The arrow indicates the direction of increasing content of fat
trimmings).

The resulting processed data was first analysed by principal component analysis (PCA),
where Figure 9.4 shows the distribution of the scores of the main principal component; fat
(displayed in blue) and lean (displayed in red) in two clearly separated clusters and the
corresponding mixtures were scattered according to the concentration range.
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Figure 9.4 Distribution of the first two principal components scores in fat content at various
ratios generated by PCA

The processed spectral data from replicates 1 and 2 were subjected to a PLSR multivariate
analysis in order to obtain calibration models which were then validated over the data
obtained from replicate 3. PLSR analysis was used to find a mathematical relationship
between absorbance at different wavelengths and the chemical attributes: moisture, fat,
protein and ash. The optimization of the calibration models were based on the lowest values
of RMSEC and RMSECV and the highest coefficient of determination for both calibration
2
(𝑅𝑐2 ) and cross validation (𝑅𝑐𝑣
) (Morsy and Sun, 2013).

A summary of the PLS models (replicates 1 and 2) containing coefficients of
determination and root mean square errors for both calibration (RMSEC, 𝑅𝑐2 ) and cross
2
validation (RMSECV, 𝑅𝑐𝑣
) along with the number of PLS components used for all the four

models is shown in Table 9.2. Root mean square errors for prediction (RMSEP) along with
its coefficient of determination (𝑅𝑝2 ) for the validation set (replicate 3) are also included.
2
High values of 𝑅𝑐2 and 𝑅𝑐𝑣
and lower values of RMSEC and RMSECV confirms a good fit
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2
for the models. PLSR model for fat showed a good fit with a 𝑅𝑐𝑣
of 0.99 and RMSECV of
2
2.60. Moisture, protein and ash models also showed fairly accurate fits with similar 𝑅𝑐𝑣
and

were in accordance with the results reported by ElMasry et al. (2013). The models were able
to predict all four components with good accuracy.
Table 9.2 Performance of PLSR models in predicting the chemical composition of the test
data set (replicate 3).
Attribute

No. of

Calibration

Prediction

components

𝑅𝑐2

RMSEC

2
𝑅𝑐𝑣

RMSECV

𝑅𝑝2

RMSEP

Fat

4

0.99

1.49

0.99

2.60

0.99

0.75

Moisture

4

0.99

1.10

0.99

1.91

0.99

0.55

Protein

4

0.99

0.38

0.99

0.66

0.99

0.19

Ash

4

0.99

0.016

0.99

0.028

0.99

0.008

Cross validated predictions by the models with 4 components are shown in Figure 9.5 a, b, c
and d for fat, moisture, protein and ash content respectively. The points for each
concentration correspond to the predicted vs measured values obtained for replicate 3.
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Figure 9.5 Prediction plots for the minced beef samples: (a) fat, (b) moisture, (c) protein and
(d) ash

The HSI system provided us not only with the average compositional content but also its
distribution within the sample. Once the PLSR model was developed, this was in turn used
to predict these constituents in each single point of the examined samples, known as chemical
imaging. Each constituent is displayed and mapped in different visual appearance according
to its concentration. Figure 9.6, 9.7, 9.8 and 9.9 shows the chemical images produced for fat,
moisture, protein and ash content respectively. The power of these resides in the quick access
to the spatial distribution of chemical compositions and their relative concentrations
indicated in the colour bar beside each image. The colour bar was extended from a low
content (blue) to a high content (red). The resulting colour mapping with intensity scaling
was then used to display compositional contrast between pixels in the image. As can be
observed, the chemical displayed showed high homogeneity within the sample.
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Figure 9.6 Chemical image of fat content resulting from replicate 3

Figure 9.7 Chemical image of moisture content resulting from replicate 3
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Figure 9.8 Chemical image of protein content resulting from replicate 3

Figure 9.9 Chemical image of ash content resulting from replicate 3

9.4. Conclusions
It could be concluded from the results that the laboratory-scale pushbroom Hyperspectral
Imaging system can identify various ingredients in beef samples, such as fat, protein,
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moisture and ash over the NIR range 936 to 1685 nm. Results show that HSI followed by
multivariate statistical analysis such as PCA, can differentiate between various beef samples
based on their compositional content. By applying multivariate statistical analysis such as
PLS, HSI is capable of quantifying fat, moisture, protein and ash in mixtures of beef samples
with different fat content. HSI is capable of producing chemical images, thus providing
important spatial information on compositional content distribution within a sample.
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Chapter 10 Quantification of trace element rubidium
using Laser Induced breakdown spectroscopy
10.1. Summary
This study evaluates the potential of laser induced breakdown spectroscopy (LIBS) coupled
with chemometrics to develop a quantification model for rubidium (Rb) in minced beef. A
LIBSCAN 150 system was used to collect LIBS spectra of minced beef samples. Beef liver
was used to spike the Rb levels in minced beef. All samples were dried, powdered and
pelleted using a hydraulic press. Measurements were conducted by scanning 100 different
locations with an automated XYZ sample chamber. Partial least squares regression (PLSR)
was used to develop the calibration model, yielding a calibration coefficient of determination
(𝑅𝑐2 ) of 0.99 and a root mean square error of calibration (RMSEC) of 0.05 ppm. The model
also showed good results with leave-one-out cross validation, yielding a cross-validation
2
coefficient of determination (𝑅𝑐𝑣
) of 0.90 and a root mean square error of cross-validation

(RMSECV) of 0.22 ppm. The current study shows the potential of LIBS as a rapid analysis
tool for the meat processing industry.
Some of the work described in this chapter has been published as peer reviewed article in
Meat Science, 130, 47-49.

10.2. Materials and methods
10.2.1. Sample Preparation
Fresh striploin beef steaks and beef liver weighing approximately 500 g each were purchased
from a local butcher’s shop in Dublin, Ireland. The lean meat from the beef steaks was diced
into small cubes; the liver was also diced. All samples were minced separately using a
laboratory meat blender (8011G, Waring Laboratory Science, Stamford CT, USA), which
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was carefully cleaned using an antibacterial washing liquid and dried before each use.
Finally, samples were placed overnight in a hot air-drying oven maintained at 105 °C using
disposable aluminium dishes.
On the next day, dried samples were ground into powder form by using a laboratory
meat blender (8011G, Waring Laboratory Science, Stamford CT, USA) followed by sieving
using a mechanical sieve (VS 1000, Retsch (U.K.) Limited, Hope valley, U.K.) with a 103mesh screen for 10 minutes at 70 rpm. Beef liver was used to spike the Rb levels in the
minced beef. Two independent batches (15 samples per independent batch) with varying
percentages of beef liver mixed with lean beef were prepared. Each sample repeated in
triplicates comprised of approximately 400 mg of a powdered mixture of lean beef containing
0%, 10%, 20%, 40% and 100% of liver (w/w). Samples were then pelleted using a hydraulic
press (GS01160, Specac Ltd., Orpington, U.K.) by applying a pressure of 10 tonnes for 3
minutes.
10.2.2. Graphite furnace atomic absorption spectroscopy analysis
The rubidium content of lean beef and beef liver were determined using a graphite furnace
atomic absorption spectrophotometer (GFAAS) (AA240Z, Agilent Technologies, Santa
Clara, USA). Sample preparation was carried out using the standard method of AOAC (FP3) with slight modifications; approximately 1 g of powdered sample was transferred into
crucibles and pre-ashed on a hot plate with the careful addition of small drops of purified
nitric acid (CAS 7697-37-2, Sigma Aldrich, Inc., Arklow, Ireland) to aid digestion. Once
samples were completely charred, they were transferred to a muffle furnace maintained at
550 °C for 5 hours. Ashes were then dissolved into 50 mL volumetric flasks with 1M purified
nitric acid (CAS 7697-37-2, Sigma Aldrich, Inc.). A further dilution was performed in order
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to maintain the mineral concentrations within the GFAAS optimum measuring range for Rb.
For quantification, calibration curves were obtained using standard solutions of rubidium
(55727, Sigma Aldrich, Inc., Arklow, Ireland). All samples were measured in triplicate.

10.3. LIBS spectra acquisition
LIBS spectra were recorded using a LIBSCAN 150 system (Applied Photonics Limited,
Skipton North Yorkshire, U.K.) which consists of a Q-switched Nd:YAG laser (ultra,
Quantel laser, 601 Haggerty Lane Bozeman, MT, USA), a series of six spectrophotometers
covering the wavelength range of 185-904 nm and a LIBSCAN 150 head. The head
incorporates a miniature CCD camera and 6 lens holders which collect plasma light of
different wavelength regions. The laser used for sample ablation had a pulse energy of 150
mJ and a pulse duration of 5 ns operating at 1064 nm. A repetition rate of 1 Hz was employed
along with a 1.27 μs gate delay and 1.1 ms integration time in Q-switched mode. The sample
was placed at a LTSD (lens to sample distance) of approximately 80 mm to ensure that the
laser was focused onto the sample. Samples were measured by scanning 100 different
locations in a 10 X 10 grid pattern while the sample was moved after each shot with an
automated XYZ sample chamber (XYZ-750, Applied Photonics Limited, Skipton North
Yorkshire, U.K.) by a step size of 0.70 mm.

10.4. Data analysis
Data analysis was performed using R (R Core Team, 2014). The “pls” package (Mevik et
al., 2013) was used for performing PLSR.
Spectral pre-processing is the most important step before performing chemometric bi-linear
modelling such as PLSR in order to remove baseline shifts and non-linearities from the
acquired spectra (Rinnan et al., 2009). Pre-processing was performed using standard normal
141

variate (SNV) transformation. Processed data in the wavelength range of 774.527 nm to
784.824 nm was selected because the Rb peak exists in this region at 780.010 nm. In order
to develop the calibration model, the acquired processed data along with the Rb values
obtained were subjected to PLSR. The method of leave-one-out was used for cross validation
while developing the calibration models in order to avoid either over- or under-fitting of the
models. Goodness of fit was evaluated by determining both root mean square error of
calibration (RMSEC) and root mean square error in cross validation (RMSECV) which
provides information about the deviation of models from their reference values (CamaMoncunill et al., 2016). The corresponding values of both coefficients of determination in
2 )
calibration (𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
were also calculated. Additionally, the limit

of detection (LOD) for pseudo univariate calibration was estimated according to IUPAC
official recommendations and latest development in error-in-variables theory for PLS
calibration (Allegrini and Olivieri, 2014).

10.5. Results and Discussion
10.5.1. Graphite furnace atomic absorption spectroscopy analysis
GFAAS was performed to determine the concentration of rubidium in pure lean beef and
pure liver samples. Results of GFAAS analysis are illustrated in Table 10.1. GFAAS results
indicate that Rb content in lean beef is generally lower than in beef liver. The results shown
in Table 10.1 were in good agreement with those reported in the literature (Fischer, 1997).
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Table 10.1 Rubidium content in dry matter (DM) of samples determined by GFAAS over two
independent batches.
Sample

Batch

Rb (ppm DM)

Lean beef Powder

1

1.585
(±0.129)
(1.436 – 1.677)
1.965
(±0.171)
(1.768 – 2.084)
4.193
(±0.486)
(3.796 – 4.736)
2.909
(±0.273)
(2.731– 3.224)

2

Beef liver powder

1

2

10.5.2. Spectral analysis
Figure 10.1 a shows the raw LIBS spectra of powdered lean beef and beef liver. Each
spectrum corresponds to an average of 100 spectra collected at different locations of the
pellet in order to overcome sample heterogeneity. Emission peak related to rubidium in
Figure 10.1 a have been identified at 780.010 nm with reference to the NIST database
(Kramida et al., 2015). Rb exists under group 1 of the periodic table, having a single electron
in its outer shell and allowing LIBS to easily excite the lone electron and detect the element
(Scerri, 2007). It is evident from Figure 10.1 b that the LIBS spectra clearly differentiate
samples based on their Rb contents in both batches, which were in confirmation with the
GFAAS results shown in Table 10.1.
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Figure 10.1 LIBS spectra: (a) raw spectra of lean beef and beef liver, (b) SNV transformed
spectra: from top to bottom - rubidium peak at 780 nm for batches 1 and 2. The arrow (↑)
indicates the direction of increasing content of rubidium.

10.5.3. Multivariate data analysis
In the current study, PLSR was performed on pre-processed LIBS data in order to develop a
calibration model for Rb. PLSR generates linear prediction models by optimizing the
covariance between spectral data and the reference values (Rb content). In order to do so, it
performs decomposition on both the spectral and reference data simultaneously (Dixit et al.,
2016; ElMasry et al., 2013).
Best model was identified with four PLS components. The model showed a good fit
2
yielding a 𝑅𝑐2 of 0.99 and 𝑅𝑐𝑣
of 0.90. Moreover, the RMSEC and RMSECV were low

yielding values of 0.05 ppm and 0.22 ppm respectively. A LOD of 0.21 ppm was obtained
for pseudo univariate calibration curve. It could be possible to improve model performance
in future studies by optimising factors such as laser pulse energy and LTSD (Radziemski and
Cremers, 2006).
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10.6. Conclusions
The present study shows that LIBS can be successfully used to detect and quantify the trace
element Rb in minced beef and beef liver. PLSR was used to model the LIBS spectral data
2
along with reference values obtained for Rb using GFAAS. High values of 𝑅𝑐𝑣
and low

values of the corresponding RMSECV confirmed a good fit for the model. LIBS is an
emerging technique in the area of food analysis with potential as an at-line monitoring tool
for the meat industry. Results from the current study illustrates potential for LIBS as a rapid
technique to detect and quantify Rb, as well as other important trace elements such as iron,
zinc and copper amongst others in various foods. However, factors related to sample surface
such as surface homogeneity, chemical composition and particle size can affect the LIBS
spectra. Effects due to non-homogeneous sample surface and chemical composition could
be reduced by sufficient averaging so that a better representation of the sample could be
obtained. Furthermore, variation in particle size produces a matrix effect which could be
reduced with matrix-matched calibration standards.
In order to make LIBS a suitable technique for routine analysis in food industry further
improvements are required such as an automated focusing system for optimized LTSD and
use of detectors optimized for the spectral region of interest. Overall, the study demonstrates
the potential for LIBS as a rapid analysis tool for the meat processing industry.
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Chapter 11 Quantification of sodium and potassium using
LIBS; a potential technique for detecting offal
adulteration
11.1. Summary
This study evaluates the potential of LIBS for quantification of the sodium (Na) and
potassium (K) contents of minced beef as a potential method of detecting beef kidney
adulteration. Additionally, the study aims at demonstrating the ability of LIBS to provide
spatial mineral information of minced beef. A LIBS system was employed to collect spectral
information of adulterated minced beef samples. Atomic absorption spectroscopy (AAS) was
used to obtain reference values for Na and K. The chemometric technique of partial least
squares regression (PLSR) was used to build the prediction models. Spatial mineral maps of
minced beef samples were generated based on the predicted percentages of Na and K. The
models for Na and K yielded calibration coefficients of determination (𝑅𝑐2 ) of 0.97 and 0.91
respectively. Similarly, a good calibration model was obtained for adulteration yielding a 𝑅𝑐2
of 0.97. Good prediction accuracy was observed for all models. Spatial mapping provided
two major advantages: (a) representative measurements of samples and (b) spatial
distribution of multi-elements. The results observed illustrate the ability of LIBS combined
with chemometrics as a potential monitoring tool for mineral quantification as well as
adulteration detection for the meat processing industry.
Some of the work described in this chapter has been published as peer reviewed article in
Analytical Methods, 2017,9, 3314-3322.
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11.2. Materials and methods
The procedures explained in this section were conducted in three independent batches on
random days to take into account bio-variability between different animals. These batches
will be referred to as batch1, batch 2 and batch 3.
11.2.1. Sample Preparation
Fresh lean beef steaks and beef kidney weighing approximately 500 g each were purchased
from a local butcher’s shop in Dublin city, Ireland. Beef kidney was used to vary the levels
of Na and K in minced beef as well as test the ability of LIBS for detecting offal adulteration.
On the same day, the beef steaks and kidney were carefully cut in order to remove the fat
portion. All samples were first cut into small cubes and minced separately using a laboratory
meat blender (8011G, Waring Laboratory Science, Stamford CT, USA), which was carefully
cleaned using an antibacterial washing liquid and dried before each use. Finally, samples
were placed overnight in a hot air-drying oven maintained at 105 °C using disposable
aluminium dishes.
On the next day, dried samples were ground into powder form using a laboratory
meat blender (8011G, Waring Laboratory Science, Stamford CT, USA) followed by sieving
using a mechanical sieve (VS 1000, Retch (U.K.) Limited, Parsons lane, Hope valley, U.K.)
with a 103-mesh screen for 10 minutes at 70 rpm. Forty-five samples (15 samples per batch)
with varying percentages of beef kidney mixed with lean beef were prepared. Each sample
comprised of approximately 400 mg of powdered mixture of lean beef and kidney containing
0%, 10%, 20%, 40% and 100% of kidney in triplicates. Samples were then pelleted using a
hydraulic press (GS01160, Speak Ltd., Orpington, United Kingdom) by applying a force of
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98 kN for 3 minutes. All Samples were in the form of a circular disc of 13 mm diameter and
4 mm thickness.
11.2.2. Atomic absorption spectroscopy analysis
The Na and K content of lean beef and beef kidney were determined using a flame-atomic
absorption spectrophotometer (SpectrAA-50, Varian, Australia) in order to obtain reference
values. Sample preparation was carried out using the standard method of AOAC (FP-3) with
slight modifications; approximately 1 g of powdered samples were transferred to crucibles
and pre-ashed on a hot plate with the careful addition of small drops of pure nitric acid (CAS
7697-37-2, Sigma Aldrich, Inc.) to aid digestion. Once the samples were completely charred,
they were transferred to a muffle furnace maintained at 550 °C for 5 hours. Ashes were then
dissolved into 50 mL volumetric flasks with 1M purified nitric acid (CAS 7697-37-2, Sigma
Aldrich, Inc.). A 0.1 ml aliquot and 0.2 ml aliquot of the resulting solution was further diluted
in 25 ml and 50 ml of 1M nitric acid and 1% caesium chloride solution to maintain the
mineral concentrations within the AAS optimum measuring range for Na and K respectively.
The addition of caesium chloride produces a large quantity of free electrons in the flame due
to caesium’s low ionization energy, which in turn suppresses the ionization of sodium and
potassium and thus their mutual interferences can be neglected (Pereira et al., 2016). For
quantification, calibration curves were obtained using standard solutions of sodium (cat. no.
05201, Sigma Aldrich, Inc.) and potassium (cat. no. 96665, Sigma Aldrich, Inc.). All samples
were measured in triplicates.
11.2.3. LIBS spectra acquisition
LIBS spectra were recorded using a LIBSCAN 150 system (Applied Photonics Limited,
Skipton North Yorkshire, United Kingdom). The sample was placed at a LTSD (lens to
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sample distance) of approximately 80 mm to ensure that the laser was focused onto the
sample. Samples were measured by scanning 100 different locations in a 10 X 10 grid pattern
with the sample moved after each shot by an automated sample chamber (XYZ-750, Applied
Photonics Limited, Skipton North Yorkshire, United Kingdom) with a step size of 0.70 mm.
The surface of a kidney sample before and after the measurement is shown in Figure 11.1.

Figure 11.1 Pure kidney sample pellet (dried and compressed): (a) before LIBS analysis and
(b) after LIBS analysis illustrating the 100 (10 x 10) craters created by the laser ablation.

11.3. Data analysis
Data analysis was performed using R (R Core Team, 2014). The “pls” package (Mevik et
al., 2013) was used for performing PLSR along with other in-house functions.
11.3.1. PLSR
Initially, the spectra recorded for each sample at 100 different locations were
subjected to mean-centring (Pořízka et al., 2017) followed by a normalization mode proposed
in a study by Castro and Pereira-Filho (Castro and Pereira-Filho, 2016) where the raw data
is divided by the highest signal in each individual spectrum. Increasing the number of spectra
or shots per surface area helps to overcome the effects of material inhomogeneity. Finally,
the pre-processed spectra were averaged into a single spectrum, obtaining 15 spectra per
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batch. Spectral data in the range of wavelengths from 567.36 to 821.169 nm was selected for
calculations as emission peaks related to sodium (Na) and potassium (K) exists in this region.
The processed data obtained was analysed and modelled using PLSR. PLSR is a multivariate
technique that develops a linear regression model by projecting the predicted and observed
variables to a new space to which X and Y data are transferred (Bilge et al., 2016b). In this
study, two different approaches were used in order to model the spectral data based on
elemental concentration of Na and K or beef kidney adulteration. Since Na and K are
quantitatively two of the most abundant elements in beef, they would have significant
contribution to the LIBS spectra.
In order to develop the calibration models for Na and K, processed data acquired for batch 1
and batch 2 (30 total spectra) were used, along with their elemental reference values extracted
from AAS analysis. Similarly, for kidney adulteration, processed data acquired for batch 1
and batch 2 were used, along with their kidney percentage values calculated on a dry weight
basis. Pure kidney samples were not included for developing the kidney adulteration model,
as 100% kidney is not considered as an adulteration (24 total spectra). The data acquired
from batch 3, along with their elemental reference values and kidney percentage values, were
used as a validation sample set for the elemental models (Na and K, 15 total spectra each)
and the kidney adulteration model respectively (100% kidney not included, 12 total spectra).
The method of leave-one-out was used for cross validation while developing the calibration
models in order to avoid either over- or under-fitting of the models. Goodness of calibration
models was evaluated by determining both root mean square error of calibration (RMSEC),
root mean square error in cross validation (RMSECV) , intercept and slope which provides
information about the deviation of models from their reference values (Cama-Moncunill et
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al., 2016). The corresponding values of both coefficients of determination in calibration
2 )
(𝑅𝑐2 ) and in cross validation (𝑅𝑐𝑣
were also calculated in order to evaluate the goodness of

fit for the models. The prediction accuracy of the developed calibration models was
evaluated by calculating the root mean square error of prediction (RMSEP), corresponding
coefficients of determination in prediction (𝑅𝑝2 ) and bias values (Romano et al., 2011; Tao
et al., 2015).
11.3.2. Spatial mapping
Spatial mapping of minerals using LIBS have been reported with biological samples and
infant formula (Cama-Moncunill et al., 2017; Gimenez et al., 2016; Kaiser et al., 2009). In
the current study, LIBS coupled with an automated sample chamber was evaluated for spatial
prediction of Na and K contents in minced beef sample pellets in order to study the elemental
distribution within a sample, as well as an indication of homogeneity and therefore accuracy
in the calibration models.
Quantification models obtained for Na and K were used to spatially predict Na and K
content distribution in the areas analysed for batch 3. Raw data acquired from batch 3 was
pre-processed by applying mean-centring followed by normalization using the individual
spectral maximum, obtaining 1500 spectra with every 100 spectra corresponding to 100 shots
of an individual sample. Spatial mineral maps of dried and pelleted minced beef samples
were generated in R based on predicted values using a false colour scheme, with each colour
corresponding to a different percentage of Na or K.
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11.4. Results and Discussion
11.4.1. Atomic absorption spectroscopy analysis
AAS was performed to determine the concentration of Na and K in lean beef and beef kidney.
The accuracy of AAS results rely heavily on the calibration curve obtained using standard
solutions of the desired element. Good calibrations were obtained for both Na and K in all
batches with a 𝑹𝟐𝒄 of 0.99. Results of AAS analysis are illustrated in Table 11.1. AAS results
indicate that Na content in lean beef is generally lower and K content is generally higher than
in beef kidney. One-way analysis of variance (ANOVA) was performed on the Na levels for
lean beef batches. The Na levels were not significantly different between these batches
(Table 11.1). Similar analysis showed this to also be the case with regard to K levels for lean
beef. However, with regard to beef kidney both Na and K levels respectively showed
significant differences (Table 11.1). The results shown in Table 11.1 were in good agreement
with those reported in the literature (Bilge et al., 2016c) and were used as the reference values
for the calibration and validation models.
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Table 11.1 Sodium and potassium content in dry matter (DM) of samples determined by AAS
over three independent batches.

Sample

Lean
beef
Powder

Beef
kidney
powder

Batch

Na (g/100g DM)

P value

K (g/100g DM)

1

0.21 (±0.01) (0.20 – 0.22)

2

0.24 (±0.01) (0.23-0.25)

3

0.26 (±0.04) (0.23-0.30)

1.40 (±0.01) (1.39-1.41)

1

0.93 (±0.03) (0.90– 0.95)

1.04 (±0.02) (1.03 – 1.06)

2

0.84 (±0.04) (0.82–0. 90)

1.34 (±0.02) (1.31– 1.36)

P > 0.05

1.29 (±0.08) (1.22-1.38)

P > 0.05

1.18 (±0.01) (1.18-1.19)
P < 0.01

3

P value

0.78 (±0.01) (0.77– 0.79)

P < 0.001
1.07 (±0.01) (1.06-1.08)

Standard deviation shown in brackets, preceded by the symbol ± (n = 3). Numbers in brackets
below standard deviations correspond to the minimum and maximum values respectively.
11.4.2. Spectral analysis
Figure 11.2 a shows the mean-centred and normalized LIBS spectra of powdered lean beef
and beef kidney. Each spectrum corresponds to an average of 100 spectra collected at
different locations of the pellet in order to overcome sample heterogeneity. Emission peaks
related to various elements in Figure 11.2 a have been identified with reference to the NIST
database (Kramida et al., 2015) and presented in Table 11.2. In Figure 11.2 a, spectral lines
related to Na and K are evident and clearly differentiates lean beef from beef kidney. Na and
K exists under group 1 of the periodic table, having a single electron in their outer shell and
allowing LIBS to easily excite the lone electron and subsequent detection of these elements
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(Scerri, 2007). Moreover, beef and beef kidney contains high amounts of Na and K making
them suitable for detection by LIBS. The relationship between the percentages of kidney
adulteration in the samples is based on the difference in elemental composition, especially
the difference between Na and K contents. It is evident from Figure 11.2 b and c that the
LIBS spectra clearly differentiated adulterated beef samples based on Na and K contents,
which are in confirmation with the AAS results shown in Table 11.1.

Figure 11.2 LIBS spectra: (a) lean beef and beef kidney, (b) sodium peaks at 568.2 nm and 568.8
nm for batch 1(c) potassium peaks at 766.4 nm and 769.8 nm for batch 1. The upward arrow
(↑) indicates an increase in sodium with increase in kidney percentage and the downward arrow
(↓) indicates a decrease in potassium with increase in kidney percentage.
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Table 11.2 Possible contributions to identiﬁed spectral peaks from various elements in the
184.547-904.123 nm region
Central wavelength (nm)

Possible elements as per
NIST database

279.560
280.281
285.231
330.263
393.386
396.858
422.701
430.266
443.491
445.497
512.865
516.469
518.396
568.335
568.945
588.932
589.645
612.251
616.279
643.931
646.347
656.348
742.414
744.282
746.909
766.458
769.931
777.224
777.431
780.010
818.341
819.474

Mg II (279.552)
Mg II (280.270)
Mg I (285.212),
Zn I (330.258)
Ca II (393.366)
Ca II (396.847)
Ca I (422.673)
Ca I (430.253)
Ca I (443.496)
Na II (445.473), Ca I (445.478),
K II (445.500), Fe I (445.502)
Fe II (512.875)
Fe I (516.455), Rb II (516.457)
Mg I (518.360)
Fe I (568.249), Na I (568.263)
Na I (568.820)
Na I (588.995)
Na I (589.592)
Ca I (612.222)
Ca I (616.217)
Fe I (643.876), Ca I (643.907)
Ca I (646.257)
H I (656.290)
N I (742.364)
N I (744.262)
N I (746.831)
K I (766.489)
K I (769.896)
O I (777.194)
O I (777.417)
Rb I (780.026)
Na I (818.325)
Na I (819.482)

11.4.3. Multivariate data analysis
PLSR was performed on pre-processed LIBS data in order to develop predictive models for
Na and K contents as well as kidney adulteration in beef.
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PLSR indirectly predicts the kidney adulteration in beef by exploiting the difference
in the elemental composition of the samples, especially Na and K concentrations of lean beef
and beef kidney due to their high content. The data from batch 3 was used as a validation set.
PLSR generates linear prediction models by optimizing the covariance between spectral data
and the reference values (percentage of kidney, Na and K contents). In order to do so, it
performs decomposition on both the spectral and reference data simultaneously (Dixit et al.,
2016; ElMasry et al., 2013).
11.4.3.1. Development of the calibration model
Table 11.3 shows the performance summary of the developed PLSR models, containing the
coefficients of determination and root mean square errors for calibration (RMSEC, 𝑅𝑐2 ) and
2 ),
cross validation (RMSECV, 𝑅𝑐𝑣
intercept and slope along with the number of latent

variables (LVs) used. It also includes the coefficients of determination and root mean square
errors for prediction (RMSEP, 𝑅𝑝2 ) and calculated bias for the validation set. The model for
2
2
Na showed a good fit with a 𝑅𝑐𝑣
of 0.94 and the K model obtained a 𝑅𝑐𝑣
of 0.86. The model
2
for kidney adulteration also showed a good fit, indicated by a high 𝑅𝑐𝑣
of 0.87. Moreover,
2
the RMSECV for the three models were in the range of 0.03-5.27. A lower 𝑅𝑐𝑣
for K may

be attributed to the variability in emission intensities among sample replicates, along with a
low variation in K content between lean beef and beef kidney (Figure 11.2 c, Table 11.1). At
the same time, factors such as chemical composition, particle size and homogeneity of the
sample surface could also have an important role in affecting the relative intensities of the
2
emission lines (Fortes et al., 2012). Furthermore, a slightly lower 𝑅𝑐𝑣
and high RMSECV

(5.27) for the kidney adulteration model could be related to batch-to-batch variability in the
mineral composition of beef.
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Table 11.3 Performance of PLSR calibration models (Batch 1 and 2) and PLSR validation models (Batch 3) in predicting Na, K contents
and kidney adulteration: no. Latent variables (LVs), coefficients of determination in calibration (𝑹𝟐𝒄 ), Root mean square error of calibration
(RMSEC), coefficients of determination in cross validation (𝑹𝟐𝒄𝒗 ), root mean square error of cross validation (RMSECV), intercept, slope,
coefficients of determination in prediction (𝑹𝟐𝑷 ), root mean square error of prediction (RMSEP) and bias. Prediction plots are shown in
Figure 11.3.
Attribute

Calibration (Batch 1 and 2)

LVs
No. of
samples

𝑅𝑐2

RMSEC

2
𝑅𝑐𝑣

(g/100g
DM)

RMSECV

Intercept

Validation (Batch 3)
slope

(g/100g
DM)

No. of
samples

𝑅𝑝2

RMSEP

Bias

(g/100g
DM)
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Na

4

30

0.97

0.04

0.94

0.05

0.01

0.97

15

0.94

0.06

0.02

K

3

30

0.91

0.03

0.86

0.03

0.12

0.91

15

0.86

0.04

0.03

Kidney

4

24

0.97

2.72

0.87

5.27

0.59

0.97

12

0.87

5.28

-4.20

11.4.3.2. Model validation
Model validation is an important step, which analyses the performance of the developed
PLSR model for an independent set of experiments. The primary aim of validating the model
is to ensure that it will perform efficiently in the future for similar data (ElMasry et al., 2013).
The data obtained for batch 3 was used as a validation set. All models showed good
prediction accuracy as indicated by high values of 𝑅𝑝2 in the range of 0.87-0.94 (Table 11.3).
Figure 11.3 shows the prediction plots for Na and K contents and kidney adulteration. The
model for Na showed very good performance with a 𝑅𝑝2 of 0.94 (Figure 11.3 a). The
prediction accuracy observed for K was slightly lower yielding a 𝑅𝑝2 of 0.86 (Figure 11.3 b)
and in accordance with the values obtained in the calibration. A lower 𝑅𝑝2 value obtained for
K could be attributed to the same reasons as mentioned in section 3.3.1. Good prediction
accuracy was observed for kidney adulteration obtaining a 𝑅𝑝2 of 0.87 (Figure 11.3 c).
RMSEP values obtained for all the predictions were low and in the range of 0.04-5.28.
RMSEP (5.28) and bias (-4.20) values obtained for kidney adulteration were slightly higher.
As already mentioned, detection of kidney adulteration with LIBS relies on the difference in
elemental composition; therefore, bio-variability within independent batches could have
affected the performance of the model. Moreover, the effects due to factors such as surface
homogeneity, chemical composition, particle size and LTSD cannot be neglected. Overall,
the performance of the PLSR shows that the models were able to predict Na and K contents
for the samples with good accuracy. The kidney adulteration model also showed promising
results which could be further explored with other offal such as liver and heart in future
experiments. Beef and beef liver differ in mineral content with respect to phosphorus (P) as
well as trace elements such as copper (Cu) (Lawrie, 2006). In a recent study, LIBS was used
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for quantification of Cu in beef using beef liver as a natural ingredient to spike Cu levels,
which could be utilized to detect liver adulteration (Casado-Gavalda et al., 2017).
For future studies, the model performance could be further improved by controlling
sampling factors such as sample homogeneity and particle size, which affect the precision
and accuracy of LIBS measurements (Radziemski and Cremers, 2006). Precise milling
machines and freeze-drying could help in overcoming these factors. However, these
procedures increase the amount of time required for sample preparation as well as possibility
of contamination. Chemometric methods and mathematical corrections such as
normalization could help in achieving better results with lesser time, minimum sample
manipulation and minimal contamination. Moreover, LIBS needs to be further explored for
analysing fresh samples, increasing its potential to be used in an industrial environment.
Factors such as sample geometry and matrix effects play an important role in this regard.
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Figure 11.3 Prediction plots: (a) sodium content, (b) potassium content and (c) kidney
adulteration for calibration and validation. Rp2 indicates the coefficient of determination in
prediction.

11.4.3.3. Spatial mapping
Figure 11.4 illustrates the spatial mineral maps of dried and pelleted minced beef samples
for batch 3. Each pixel of an image is ascribed a different colour based on the predicted
percentage of Na or K at that particular location of the sample. It is evident from Figure 11.4
a and b that as the percentage of kidney adulteration increases, higher values of Na and lower
values of K are observed which facilitates differentiation of the kidney adulterated minced
beef samples. This can be attributed to the fact that beef kidney contains higher amounts of
Na and lower amounts of K in comparison to the lean beef as indicated by the AAS results.
However, it can also be observed from the images that each location of an individual sample
160

show different percentages of Na and K in Figure 11.4 a and b respectively which could be
related to some heterogeneity of sample pellets. Nevertheless, mineral content was evenly
distributed throughout the sample ensuring that samples were good representatives of their
reference values and therefore ensuring robust calibration and validation models. Overall, it
can be concluded from the results that spatial measurements with LIBS provides two major
advantages: (a) representative measurements of heterogeneous foods such as beef and (b)
spatial distribution of multi-elements in food samples. Similar mineral maps were produced
for batch 1 and 2 (Figure 11.5 and 11.6).

Figure 11.4 Spatial mapping distribution of predicted mineral content of batch 1 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM.
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Figure 11.5 Spatial mapping distribution of predicted mineral content of batch 2 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM.
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Figure 11.6 Spatial mapping distribution of predicted mineral content of batch 3 pellets in
triplicates (dried and compressed): (a) Na and (b) K. Each map is related to a different
sample. The colour scale indicates the content of Na or K in g/100g DM.

11.5. Conclusions
In the present study, LIBS was successfully employed for quantification of sodium and
potassium contents along with detection of beef kidney adulteration in dried and compressed
minced beef samples. Moreover, LIBS was also evaluated to generate spatial mineral maps
of Na and K. LIBS is an emerging technique in the field of meat analysis, which provides
various advantages such as minimal sample preparation, being chemical free, rapid detection,
provision of spatial information and system portability.
PLSR was performed to analyse the spectral information obtained from the LIBS
2
analysis. High values of 𝑅𝑐𝑣
and low values of the corresponding RMSECV confirmed a

good fit for all the models. Good prediction accuracy was observed for Na with a high 𝑅𝑝2
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0.94 and low RMSEP of 0.02. For K, slightly lower 𝑅𝑝2 of 0.86 was observed which could
be related to the variability in the emission intensities among sample replicates, along with a
low variation in K content between lean beef and beef kidney. A high 𝑅𝑝2 of 0.87 was
observed for kidney adulteration; however, a slightly high RMSEP of 5.28 was also observed
which could be related to the dependency of adulteration detection on bio-variability within
independent batches. Moreover, factors such as surface homogeneity, chemical composition,
particle size and LTSD influence LIBS performance. Mineral prediction maps obtained for
Na and K illustrated the capability of LIBS combined with an automated sample chamber to
provide spatial information as well as overcome sample heterogeneity. For future studies,
improvements are required such as controlling sampling factors to make LIBS a suitable
technique for routine analysis in an industrial environment, especially for fresh samples.
Improved prediction models may be obtained by controlling sampling factors such as sample
homogeneity and particle size, which affect the precision and accuracy of LIBS
measurements. Adulteration detection capabilities of LIBS needs to be further explored with
other offal such as liver, heart and with other meats such as pork, chicken and horsemeat.
Overall, it can be concluded that LIBS combined with chemometrics demonstrates potential
as a rapid monitoring tool for mineral detection and quantification as well as adulteration
detection for the meat processing industry.
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Chapter 12 Concluding
recommendations
•

remarks

and

future

The multi-point NIR system presented, combined with multivariate analysis is a fast
and reliable technique to predict the chemical composition of fat adulterated minced
beef samples both in static and motion conditions.

•

Multiple probes helped in overcoming the limitation of representative measurements
observed when using single point measurements for heterogeneous samples such as
meats.

•

Spatial information was obtained using the multi-point NIR system from random
unequally spaced locations (non-contiguous locations) providing advantages over
Hyperspectral Imaging.

•

Collimators provided the ability to use stand-off distances up to 5 cm. Thus,
enhancing the non-contact nature of NIR spectroscopy.

•

Incorporation of a beam splitter in the NIR spectrophotometer provided an advantage
of obtaining baseline corrected spectra which can be utilized in situations where the
effective path length rapidly changes.

•

Flexibility and independency of collimator-probe arrangement illustrated the
potential of using multi-point NIR spectroscopy system for analyzing varied samples
concurrently as well as monitoring different junctions in a meat processing plant.

•

To use the multi-point NIR system for practical applications, prediction errors can be
reduced with larger batch size providing robust calibration models.

165

•

Prediction accuracy of the models may be improved with better monitoring of the
external factors such as ambient temperature, relative humidity etc. and with the use
of various chemometric techniques.

•

For future studies, NIR systems should be evaluated with easy-clean or self-cleaning
fiber-optic probes which can overcome the practical issue of sample (e.g. meat
emulsion) adherence onto the fiber.

•

The pushbroom Hyperspectral Imaging system successfully identified various
ingredients in minced beef, such as fat, protein, moisture and ash. The system also
illustrated the ability to produce chemical images, thus providing important spatial
information on compositional content distribution within a sample.

•

LIBS combined with chemometrics successfully demonstrated the ability to detect
and quantify minerals; Na, K and Rb in minced beef, beef kidney and beef liver.

•

LIBS successfully demonstrated the potential as a rapid monitoring tool for beefkidney adulteration detection in minced beef.

•

LIBS was evaluated to generate spatial mineral maps of Na and K.

•

For future studies, the performance could be further improved by controlling
sampling factors such as sample homogeneity and particle size, which affect the
precision and accuracy of LIBS measurements.

•

Precise milling machines and freeze-drying could help in overcoming sample
homogeneity and particle size. However, these procedures increase the amount of
time required for sample preparation as well as the possibility of contamination.
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•

Chemometric methods and mathematical corrections such as normalization could
help in achieving better results with less time, minimum sample manipulation and
minimal contamination.

•

LIBS need to be further explored for analyzing fresh samples, increasing its potential
to be used in an industrial environment. Factors such as sample geometry and matrix
effects play an important role in this regard.
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